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ABSTRACT

Where Gunshots Turn Fatal: A Geographic Examination of the Spatial Patterning of Gun
Violence

by

David N. Hatten

Advisor: Eric L. Piza

This dissertation contributes fundamental work to the examination of gun violence through an
investigation of prevalence, trends, and likely place-based dynamics that explain the spatial
patterning of gun violence in Kansas City, MO over a 5-year period (2015-2019). Specifically,
this dissertation assesses 1) the degree to which separate shooting typologies (fatal and non-fatal)
concentrate in micro-places, 2) whether they co-locate at micro-places, and 3) the likely
community characteristics and place-based dynamics that explain these observed patterns.
Importantly, the role of place-based dynamics related to the post-incident operational response to
gun violence is tested (e.g., a street segment’s proximity to trauma care and police response) as
these processes are hypothesized as key to explaining micro-level variation in fatal shootings.
Theoretical contributions of this study include expanding the role of micro-level explanations of
gun violence and the inter-disciplinary study of gun violence. Furthermore, this study contributes
to the practical application of policing by emphasizing the importance of determining the
composition of gun violence hot spots for effective geographically oriented policing strategies
and enhancing collaboration between criminal justice and public health systems. Results indicate
that fatal shootings are more spatially dispersed than non-fatal shootings across micro-units.
Fatal and non-fatal shootings are also unlikely to co-locate at shooting hot spots. Both fatal and
non-fatal shootings are significantly associated with aspects of social disadvantage and risky
facilities, with few differences. Finally, the relationship between proximity to trauma care and
fatal and non-fatal shooting counts at street segments is consistent but in a different direction
than previous literature. The role of police response is less consistent when predicting fatal and
non-fatal shooting counts and is sensitive to how police response is measured.
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Chapter 1: Introduction
1.1 Problem Statement
According to the Center for Disease Control (CDC), there were an estimated 623,176 firearm
related deaths in the United States (U.S.) between 2000 and 2018, including 230,847 (37%)
deemed intentional homicides1. The total estimated social and economic cost of gun violence is
in the U.S. is US $48 billion (Fowler et al., 2015) with US $630 million in healthcare costs alone
(Howell & Abraham, 2013). Scholars and practitioners typically classify gun violence according
to the outcome for the victim (i.e., survival), with different classification levels forecasting clear
implications for the estimated economic and societal costs and estimated social harm incurred in
the community where the crimes take place. Among all types of gun violence incidents, fatal
shootings have the most severe consequences in terms of societal cost and social harm (Ratcliffe,
2015).
Urban politicians and police officials often use homicide rates, largely consisting of fatal
shootings, as a proxy for departmental success in controlling city-wide crime levels. A recent
study suggested, however, that the singular focus on fatal shootings by both police organizations
and researchers is obscuring the true extent of gun violence in cities across the U.S. (Hipple et
al., 2019). Taken further, by excluding non-fatal shootings, researchers and practitioners will not
capture the true amount of social harm, or the estimated consequences of criminal activity on
society (Ratcliffe, 2015), associated with gun violence which has been suggested to be a more
reliable indicator of overall community safety levels (Sherman et al., 2020).
Gun violence, in general, is known to concentrate and persist in micro-places as small as
street segments (e.g., Braga et al., 2010). Empirical research has not yet examined whether fatal
1

Produced by: National Center for Injury Prevention and Control, CDC. Data Source: NCHS Vital Statistics System
for numbers of deaths. Bureau of Census for population estimates. WISQARS Fatal injury reports 2000-2018, all
sex, races, and gender
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and non-fatal shootings concentrate separately at micro-places and thus can be more
appropriately contextualized within the criminological literature, which has become oriented
increasingly towards explaining the occurrence of crime at micro-places (Hipp 2016; Sherman et
al., 1989; Weisburd, 2015). Given these findings, the law of crime concentration states that for a
given city, a small number of micro-places accounts for a disproportionately large share of the
total crime reported to police (Weisburd, 2015). Examining the spatial concentration of gun
violence over a 28-year period in Boston, Massachusetts, Braga and colleagues (2010) found that
shooting incidents in general consistently occurred on only 5% of the city’s street segments.
However, a gap in the literature remains regarding whether both fatal and non-fatal shootings
concentrate at micro-places when treated as separate categories. Hipple et al. (2019) partially
addressed this question by examining fatal and non-fatal shootings and finding that they
separately concentrate at the block-group level but given the growing prominence of street
segments in explaining the spatial variability in crime patterns (Schnell et al., 2017; Weisburd, et
al., 2014) further research focused on the micro-unit of analysis is needed.
There is a similar lack of empirical research examining whether fatal and non-fatal
shootings concentrate in the same micro-places. Haberman (2017) suggested different categories
of crime are not likely to co-locate in the same micro-places but there has yet to be an
examination of fatal and non-fatal shootings as separate crime types. There has yet to be an
examination of whether fatal and non-fatal shootings concentrate in the same micro-places.
However, given that public health and crime problems tend to co-locate (Carter et al., 2018;
Weisburd & White, 2019), it follows that the operational mechanisms that lead to adverse health
outcomes, such as longer distance to trauma care (Crandall et al., 2013; Hatten & Wolff, 2020),
may co-locate with the same processes that lead to high levels of crime. Thus, the social and
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operational processes related to social disadvantage create places where the outcomes of gun
violence are more severe (more fatal than non-fatal shootings) and subsequently increase the
level of social harm associated with gun violence. Should fatal and non-fatal shootings
concentrate in different micro-places, this would suggest two important gaps in the research
literature. First, street segments may have unique characteristics that make certain types of
crimes more or less likely and influence the severity of the offense and overall social harm
associated with gun violence at micro-places. Second, variation in contextual social processes
may make certain types of crime more or less likely, similarly influencing the severity of the
offense and overall social harm associated with gun violence at micro-places.
This dissertation operationalizes key constructs from Social Disorganization and
Opportunity theories of crime causation to account for the concentration of fatal and non-fatal
shootings at micro-places and explains micro-level variation in fatal and non-fatal shootings.
Social disorganization theory reveals how structural characteristics of neighborhoods act as
barriers to the development of social cohesion among neighbors and impede their capacity to
leverage informal social control to confront crime problems (Shaw & McKay, 1942). In places
that lack social organization, the residents are less capable of monitoring and intervening to
control group-processes within the neighborhood that facilitate crime. This issue is particularly
salient in the study of gun violence given the role group-processes play in influencing fatal and
non-fatal shooting victimization likelihoods and the resulting spatial patterning of gun violence
(Papachristos et al., 2015). Similarly, increased levels of social disorganization will lead to
significant resource deprivation in these communities in terms of access to public goods and
resources due to a lack of social and political influence.

3

For example, at the block group and victim-level of analysis, the proximity to trauma care
facilities (Circo, 2019; Circo & Wheeler, 2020; Crandall et. al., 2013; Hatten & Wolff, 2020) and
first responder locations (Hatten & Wolff, 2020) have been associated with whether a victim of
gun violence lives or dies. These studies suggest that place-based dynamics related to the
operational response to gun violence are predictive of the generation of fatal shooting patterns.
Place-based dynamics, then, increase the severity of gun violence incidents, but there has not
been an examination of these relationships at micro-places. There is a similar gap in the research
literature when it comes to examining whether street segments that are closer in proximity to
these services and similarly exposed to gun violence experience a higher proportion of non-fatal
shootings.
Socially disorganized places are influenced by continuing trends of racial and economic
segregation that have characterized urban areas in the United States since the 1950s and led to
the creation of spatially concentrated places of social disadvantage (Denton & Massey, 1993;
Wilson, 1987). This “concentrated disadvantage” is predictive of residential instability, overall
violence (Sampson et al., 1997), and homicide rates (Morenoff et al., 2001). Concentrated
disadvantage at the community-level has also been found to positively associate with street
segment-level counts of gun violence (Magee, 2020), suggesting a role for community-level
social process in explaining micro-unit trends. However, empirical research has not examined
whether social disorganization can explain both fatal and non-fatal shooting patterns, separately,
instead examining shootings as a single category.
Given these findings, it follows that both the degree of disadvantage at the communitylevel and the decision to allocate public resources at the micro-level may be adversely
influencing the health outcomes of urban residents by increasing the severity of the gun violence
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incident and thus, the spatial patterning of fatal and non-fatal shootings. This proposed
dissertation seeks to address this gap in the literature by examining how the urban geography of
essential services and variation in social disadvantage are creating “deadly” places and
increasing social harm to the citizens who reside in said places.

1.2 The Present Dissertation
The present dissertation is guided by three research objectives with three corresponding research
questions.
Research Objective 1: The first objective is to measure whether fatal and non-fatal
shootings have similar spatial patterns. By confirming dissimilarity in the spatial
patterning between fatal and non-fatal shootings, this dissertation can directly inform
nuanced but geographically oriented gun violence reduction policing strategies.
Research Objective 2: The second objective is theoretical in nature and seeks to re-orient
the examination of gun violence towards micro-level explanations of crime variation.
Despite the growing research literature acknowledging the spatial concentration of
shootings few studies have examined the characteristics of micro-places and how they
may explain micro-level variation in gun violence.
Research Objective 3: The third research objective is to promote an inter-disciplinary
approach to the examination of gun violence through integration of techniques and
variables not commonly used in criminology. Specifically, this final objective seeks to
further integrate the techniques from the fields of geography and public health that can
capture the broader context of social processes related to gun violence. By
acknowledging and confirming gun violence as a social process that spans both criminal
justice and public health systems, the findings of this dissertation have direct implications
for service delivery and improving the social outcomes associated with gun violence.
Combined, these three research questions represent a holistic examination of gun violence by
integrating techniques and knowledge from several fields including economics, geography, and
public health.
Research Question 1: As disaggregated crime types, do fatal and non-fatal shootings
conform to the law of crime concentration?
Research Question 2: Do fatal and non-fatal shootings concentrate at the same microplaces?
5

Research Question 3: Can a combination of neighborhood- and micro-place
characteristics informed by criminological theory explain the variation in fatal and nonfatal shootings at micro-places?
Each research question works to address different components of each of the research objectives
set out in the beginning of this section. Specifically, these questions address Research Objective
1 by determining degree of spatial concentration of each type of shooting at micro-places and the
degree to which micro-places contain both types of shootings, as a measure of how spatially
similar each shooting type is in their patterning. Next, this dissertation addresses Research
Objective 2 by examining the concentration of gun violence at micro-places, providing further
support for the re-orientation of gun violence to micro-level explanations. Finally, these
questions address Research Objective 3 due to the inclusion of measures not typically associated
with criminology or measures that had previously been operationalized in the examination of
different phenomenon. These measures account for characteristics of micro-places and are
central to the exploration of factors related to why street segments will be more deadly than
others. These micro-place characteristics are informed from several research literatures, thus
fulfilling this project’s aim to study gun violence in an inter-disciplinary fashion.
1.3 Research Question 1 – Do Fatal and Non-fatal Shootings Separately Conform to the Law of
Crime Concentration?
This dissertation begins with examining whether fatal and non-fatal shootings, as disaggregated
shooting typologies, both concentrate at micro-places. As such, the first research question is a
test aimed at generalizing the law of crime concentration put forth by Weisburd (2015). This
dissertation further generalizes the law of crime concentration in terms of geography as there has
not been an examination of the distribution of crime across micro-places in Kansas City, MO.
By disaggregating shooting typologies and using micro-places as the unit of analysis, this
dissertation improves upon the existing research literature that has either used a single measure
6

of gun violence (Braga et al., 2010) or studied the concentration of disaggregated shooting types
at block-groups (Hipple et al., 2019). This dissertation also undertakes a more robust analysis by
increasing the length of the study period of two years used by Hipple et al. (2019) by three years
(for a total of 5 years), to speak to the temporal stability of concentration estimates, and uses
techniques from the field of economics, allowing for the generalization of the findings across the
social sciences. Specifically, to address this research question, this dissertation will calculate
Generalized Lorenz Curves and generalized Gini Coefficients as per Bernasco & Steenbeek
(2017) to measure the degree to which disaggregated shooting types both concentrate at microplaces. Based on the findings of relevant prior literature and the analyses set to be conducted, the
dissertation advances the following hypothesis:
•

Research Question 1: Do both fatal and non-fatal shootings adhere to the law of crime
concentration?

•

Research Hypothesis 1: Both fatal and non-fatal shootings will adhere to the law of crime
concentration. Non-fatal shootings will be less concentrated at micro-places than fatal
shootings.

Results from this first examination will provide the initial test of whether fatal and non-fatal
shootings are similar in their spatial patterning (Research Objective 1) and whether they, as
disaggregated shooting types, both concentrate at micro-places (Research Objective 2). Further,
this first examination relies upon techniques previously developed by the field of economics to
measure crime concentration, and thus represents an inter-disciplinary approach to the study of
gun violence (Research Objective 3).
1.4 Research Question 2 – Do Concentrations of Fatal and Non-fatal Shootings Co-locate at
Micro-places?
After addressing the degree to which fatal and non-fatal shootings concentrate at micro-places,
this dissertation next assesses whether these shooting typologies concentrate at the same micro7

places. Research Question 2 includes a robust measurement strategy to assess the co-location of
disaggregated shooting types at micro-places. This measurement strategy includes tests of
correlation between fatal and non-fatal shooting counts and the categorization of micro-places
based on whether they could be classified as either fatal or non-fatal shooting hot spots for
further examination of spatial overlap. The hot spot identification plan uses several different
classification schemes using data from Kansas City, MO repeated yearly over a 5-year period.
By operationalizing micro-places as hot spots based on the observed disaggregated shooting
crime counts, this dissertation can then interrogate the degree to which shooting typologies colocate in a way that is translatable to police practice. Based on the findings of relevant prior
literature this dissertation advances the following hypothesis:
•

Research Question 2: Do fatal and non-fatal shootings concentrate in the same places?

•

Research Hypothesis 2: Fatal and non-fatal shootings will not significantly co-locate at
micro-places.

A lack of co-location would provide further evidence that different shooting typologies are
distinct social phenomena (Research Objective 1). Consequently, they may be explained by
different sociological and geographic processes. Both community-level processes and street
segment characteristics may be specific to certain types of shootings (Research Objective 3).
Yet, Research Question 2 provides the final assessment and description of the extent that
shooting typologies concentrate at micro-places and are suitable for micro-level explanations of
their spatial patterning (Research Objective 2). In practical terms, this part of the examination of
the gun violence will also directly test whether police organizations that employ hot spots
policing strategies to prevent gun violence need to tailor their strategies and tactics according to
the composition of gun violence hot spots.
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1.5 Research Question 3 – Do Neighborhood Effects and the Characteristics of the Micro-places
explain the Spatial Patterning of Fatal and Non-fatal Shootings at Micro-places?
After testing for the concentration of fatal and non-fatal shootings at micro-places and their colocation, this dissertation then turns to an examination of the likely explanations for micro-level
variation in fatal and non-fatal shootings, separately. Previous studies have largely neglected the
role that geography plays in the mortality likelihoods of gunshot wound victims and lack the
inclusion of place-based measures related to the post-incident response to gun violence. As such,
this dissertation employs two measures for police response that account for the role of geography
in determining the spatial patterning of fatal and non-fatal shootings. First, in a similar fashion to
Hatten & Wolff (2020), police response time is estimated using the OSRM-TIME plug-in in
Stata 15.0 to calculate the distance (based on shortest route) and travel time (assuming a 30mph
average car speed) to the nearest KCPD patrol stations from each individual street segment. This
same measurement strategy is used to generate proximity to trauma care measures, the second
critical piece of the post-incident response to gun violence.
Second, a sub-analysis is conducted focusing on the last two years of the study (20182019) that includes a police response time measure generated from Automated Vehicle Locator
(AVL) data. By operationalizing AVL data, this dissertation includes a direct measure of police
response time that does not rely on estimates based on the nearest precinct location (Hatten &
Wolff, 2020) or by examining Computer Aided Dispatch (CAD) data (Cihan, 2013)2 in addition
to OSRM-TIME-generated proximity to police patrol stations measures. Police organizations and
researchers alike rarely use AVL data, but it may prove to be an innovative and prolific source as
a direct measure of police response that could be used for future examinations concerning the

2

Cihan (2013) used CAD data to determine the difference between when an officer responds to a call for service by
dispatch and when an officer reports their arrival on scene which may be subject to self-report errors (Coupe &
Blake, 2005)
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role of police response in securing the scene of violent incidents and facilitating the transport of
trauma victims as it has already been used to measure police presence (Weisburd, 2021).
This dissertation also investigates the role that social disadvantage and characteristics of
micro-places play in influencing the severity of shooting incidents and the subsequent spatial
patterning of fatal and non-fatal shootings. The research base suggests that neighborhood
structure and micro-place characteristics play multi-faceted roles in explaining micro-level gun
violence rates. Cumulatively, this dissertation undertakes a holistic examination of gun violence
integrating the techniques and findings from the criminal justice, geography, and public health
disciplines to fully capture aspects of resource deprivation that are critical to understanding the
spatial patterning of fatal shootings. Based on the findings of relevant prior literature and the
analyses set to be conducted, the dissertation advances the following hypothesis:
•

Research Question 3: What effect does neighborhood-level social disorganization, and
the characteristics of micro-places have on fatal and non-fatal shooting counts at microplaces?

•

Hypothesis 3a: the greater the degree to which census tracts are socially disorganized,
their component street segments will have higher counts of fatal and non-fatal shootings.

•

Hypothesis 3b: the presence of risky facilities, the longer it takes police patrol to respond
to street segments, and the farther away a street segment is from trauma care, the higher
the count of fatal shootings and non-fatal street segments.

The findings from this analysis will inform the theoretical literature by confirming the distinct
social processes that separate fatal from non-fatal shootings and provide further foundation for
the study of gun violence at micro-places (Research Objective 2). Further, the design of this part
of the analytical plan represents perhaps the most inter-disciplinary approach to the study of gun
violence at micro-places to date (Research Objective 3). In terms of practical applications, this
aspect of the dissertation will inform place-based policing strategies, but more importantly will
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likely highlight the further need for collaboration among municipal agencies in the effort to
address gun violence. In terms of social harm, place-based variables from either unit of analysis
or theoretical framework that are found to be significant predictors of fatal shooting counts and
not non-fatal shooting counts, will be associated with more harmful forms of gun violence.
Conversely, place-based variables that are associated with non-fatal shootings and not fatal
shooting counts will be associated with less harmful forms of gun violence. The observed
differences will then be able to inform gun violence prevention efforts that focus specifically on
different types of shootings and will be able to speak to reducing specific types of social harm.
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Chapter 2: Key Theoretical Literature
2.1 Social Disorganization Theory and Gun Violence
In social disorganization theory, key socio-economic indicators (poverty, residential instability,
ethnic heterogeneity) relate to the social organization of neighborhoods and their ability to
internally regulate criminal behavior and thus, crime rates (Shaw & McKay, 1942). This chapter
will introduce modern conceptualizations of social disorganization theory, their constructs, and
assumed mechanisms for controlling crime rates at both the neighborhood and micro-level of
analysis. Specifically, the systemic (Bursik & Grasmick, 1993) and collective efficacy (Sampson
et al., 1997) models provide important measurable constructs that account for the role of context
while further elucidating moderating and mediating mechanisms that explain the relationship
between neighborhood and micro-level constructs and crime.
The initial section will first define the term social disorganization and differentiate it
from the key indicators of social disadvantage which it is often conflated as well as introduce the
key mechanisms that relate to the spatial patterning of crime. This section then transitions to the
rationale for why social disorganization is particularly suited towards explaining the occurrence
of gun violence. Specifically, the occurrence of gun violence is often described as a group-based
process that is influenced by peer behavior. Urban areas that exhibit significant social
disorganization, residents will be unable to monitor or regulate the activities of groups given the
lack of capacity for informal social controls or collective efficacy. The following section will
then describe the re-orientation of social disorganization and proposed integration with
opportunity-based theories to explain micro-level crime variation. The final section of this
chapter further elucidates the role of micro-place characteristics using aspects of an opportunitybased theory, crime pattern theory.
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In Social Disorganization theory, neighborhoods will vary in their capacity to address
crime problems based on the extent to which they are socially organized and have capacity to
internally regulate the behavior of residents (Shaw & McKay, 1942; Contreras et al., 2008).
Shaw & McKay (1942) proposed several structural characteristics that were observed to colocate with concentrations of delinquent offenders at the neighborhood level. These structural
characteristics include rates of poverty, residential instability, and ethnic heterogeneity. All three
characteristics of neighborhoods, when combined, are proposed to indicate the place where
residents fall within the larger social structure, and this influences the extent to which they are
likely able to internally regulate delinquent or criminal behavior. Shaw & McKay (1942)
eventually established this overlap of social disadvantage and internal regulatory capacity at the
neighborhood level, further cementing the importance of the interplay between structural
characteristics and social control mechanisms in the production of crime.
Often in the criminological literature, these structural characteristics are conflated with
the term social disorganization and imply a direct relationship to crime rates at the
neighborhood-level. However, social disorganization differs from structural characteristics in
that structural characteristics refer to the extent to which societal level changes are influencing
neighborhood indicators of economic and social well-being and are theoretically distinct from
the term social disorganization. Instead, social disorganization is the capacity exhibited by a
neighborhood to agree on social norms and express community goals related to the fulfillment of
those norms (Bursik, 1988). Social disorganization is influenced by structural characteristics of
neighborhoods, but largely refer instead to the capacity by which residents will be able to
internally regulate the behavior of residents via informal social controls.
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Neighborhoods will vary in their levels of social organization due to changes in structural
characteristics of neighborhoods caused by societal level changes in labor and residential
housing markets. For example, it has been hypothesized that due to widespread
deindustrialization, the inner core of cities experienced an out-migration of jobs to the suburbs
and beyond, leaving behind a largely un-skilled labor force (Wilson, 1987). Further, changes in
social policy, specifically affirmative action legislation led to the out-migration of middle-class
black families which further exacerbated an already “hollowing out” of urban communities,
starting in the 1960’s. Black un-skilled laborers were not able to follow jobs out to the suburbs
and beyond, due to segregationist residential housing restrictions that confined black minorities
to core urban areas where jobs were scarce (Massey & Denton, 1993). Residential segregation
policies also worked to constrain middle-class black families from wholly leaving the cities,
instead moving them to the periphery of the ghetto, while working- and middle-class white
families were able to move to suburban areas without restriction, further segregating families by
class and race (Morenoff & Sampson, 1997). White families were able to overcome the “spatial
mismatch” created by macro-economic changes, where black families were not (Wilson, 1987).
Wilson (1987) further posits that the perpetuation of residential segregationist policies and
further weakening of the labor market in the 1970’s led to an increasingly concentrated urban
core of social disadvantage that we still observe today.
The concentration of adverse social processes in place creates a complex web of
interactions that adversely affect the residents. Wilson (1987) described the outcomes of this
concentration of adverse social phenomenon as the result of “concentration effects”. Without
changes in social policy or positive changes in the labor market, it could be assumed that these
adverse social processes would continue to become more concentrated in place. While important

14

to the understanding of where crime concentrates in place, these structural characteristics do not
explain the variation in crime rates between neighborhoods but instead indicate the likely
resilience of the neighborhoods to “absorb” macro-economic changes (Sampson, 2012). Instead,
structural characteristics are better defined as the likely barriers that residents will encounter to
the formation of social ties and the creation of social control institutions that can be leveraged to
reduce crime (Bursik, 1984; Kornhauser, 1978). Indeed, neighborhood structure and composition
has been found to either enhance or deplete the capacity for neighborhoods to regulate the
behavior of residents via social control (Sampson et al., 1989; Sampson et al., 1997). Social
disorganization is best understood as a control-centric theory, in that, social control provides the
mechanism by which structural characteristics will influence crime rates (Bursik & Grasmick,
1993). Jacobs (1961) stated that the cornerstone of modern urban life and the key to a
functioning urban society comes from the ability of individuals and their families to go about
their lives while interacting in a sea of strangers. Social control, then, is the mechanism by which
strangers can safely interact and the capacity for social control is a defining feature of
collectivities capacity for dealing with social problems. Social disorganization theory has two
frameworks by which social control is implemented within neighborhoods and explain the
relationship between structural characteristics and crime.
Social disorganization theory has been refined from the early conceptualization to deepen
the examination of the ties between structural characteristics and mechanisms for social control
that are related to crime control. Within this research literature there are two inter-related but
competing theoretical social disorganization frameworks, the “systemic model” (Bursik &
Grasmick, 1993) and “collective efficacy” (Sampson et al., 1997). These frameworks are
couched within the social disorganization tradition due to their focus on the role of contextual
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social processes but vary in terms of their explicating the mediating and moderating mechanisms
that explain the relationship between structural characteristics, mechanisms of social control, and
crime. The systemic model explicates three forms of social control that explain how the
relationships of individual residents of like neighborhoods can be leveraged in varying ways to
influence the behavior of neighborhood youth, strangers to the neighborhood, and the success of
lobbying extra-neighborhood organizations for resources related to alleviating social ills.
Collective efficacy is a more parsimonious model that focuses on explaining how structural
characteristics influence social cohesion and the willingness of neighbors to intervene to uphold
shared understanding of normative behavior.
Systemic Model of Social Disorganization
The capacity for neighborhood residents to control group-based behavior and activities is
a key mechanism first outlined by Shaw & McKay (1942) but was later formalized and described
as an aspect of social control. Bursik (1988) proposed that residents of the same neighborhood
are likely to have the common goal or basic normative assumption of being able to navigate their
neighborhood without the threat of violence. To that end, Bursik & Grasmick (1993, pg. 15)
define social control as “the effort of the community to regulate itself and the behavior of
residents and visitors to the neighborhood to achieve a specific goal”. Generally, there are two
proposed types of social control that work to control crime in neighborhoods. First, is formal
control, or the use of institutions that society has empowered with the ability to sanction citizens
for non-normative behavior. For example, in the interest of maintaining order in society, police
organizations may arrest individuals, schools may expel or discipline students, and private
security functions are empowered by residents uphold community-defined norms. The second
type of social control has been deemed informal social control and relates to the relationships

16

among residents of neighborhoods and how these relationships are used to control the behavior
of those that both reside and are passing through neighborhoods.
Bursik & Grasmick (1993) in their systemic model of social disorganization outline three
forms of informal social controls that operate within neighborhoods and mediate the relationship
between structural characteristics and crime. These three forms include private, parochial, and
public (Hunter, 1985). These types of informal social control are characterized by the density and
expanse of personal and professional relationships among residents of the same block or
neighborhood and refer to the capacity of these relationships to respond to social problems,
crime and freedom from harm being foremost among them. Hunter (1985) explains private
informal social control as stemming from the personal relationships that a resident may have
within the neighborhood, including primary ties (e.g., family, and close friends). Social control is
leveraged at the private level through these intimate relationships through the withdrawal of
social support or sentiment from individuals by their closer peers when acting out of accordance
with social norms. Parochial informal social control relates to what are defined as “weak ties”
(Granovetter, 1973) and less intimate relationships that come from participation in voluntary
organizations, local institutions (e.g., patronizing local businesses), worshipping at the same
church, and children attending the same schools (Bursik & Grasmick, 1993; Taylor, 1997).
Finally, public informal control relates to how connected neighborhoods are to the larger social
structure within urban areas. This is including the extent to which residents and voluntary
organizations have ties to public agencies or even like organizations in different neighborhoods.
Public informal social control levels have implications for the allocation of resources to the
neighborhoods and the level of responsive of municipal institutions to the unique problems that
each neighborhood faces.
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In the systemic model of social disorganization, neighborhood-level structural
characteristics are mediated by informal social controls and explain the variation between
neighborhoods within cities (Sampson & Groves, 1989). Informal social control levels determine
the extent to which teenage peer groups are supervised and the extent to which their behavior
remains consistent with widely accepted norms of the neighborhood. However, the systemic
model states that informal social control will only be as effective as how dense and extensive
local friendship networks are and be partially determined by the rate of participation in
community-based or voluntary organizations. Sampson & Groves, (1989) found that residential
instability has a significant effect on local friendship networks and that neighborhoods with
greater poverty have fewer resources and thus, less capacity to supervise youth. The formation of
social ties take time, and when population turnover is rapid, social ties do not form. Similarly,
individuals who once participated in neighborhood organizations and voluntary associations
aimed at building capacity of informal social control will likely move on as their residence
changes.
Kornhauser (1978) describes this process in Social Sources of Delinquency and notes the
difficulty of establishing institutions related to the internal regulation of the community (informal
social control) when residential instability is limited. The role of poverty as a structural
characteristic is interrelated with residential instability in neighborhoods. Impoverished
neighborhoods often lack the resources that build the capacity for informal social control, and
thus, have higher crime rates than others. However, as crime rates rise, particularly homicide
rates (Morenoff et al., 1997), residential instability increases as residents move at first
opportunity further decreasing the investment of individuals in the life of the neighborhood
(Kornhauser, 1978). This process leads to a concentration of poverty and disadvantage as only
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the most upwardly mobile families will have the means to leave the neighborhood, and only the
most impoverished would dare reside in such a place. Oftentimes, these new residents are of
varying race and ethnicity and thus, speak a different language than the remaining residents. In
this way, ethnic heterogeneity is supposed to create a linguistic barrier between residents and
further reduce the likelihood that institutions related to building informal social control is
possible (Kornhauser, 1978). Furthermore, there may be a lack of perceived sharing of goals or
shared understanding of normative behavior that makes neighbors less willing to intervene on
behalf of one another.
The systemic model of social disorganization is an important development in the tradition
of assessing the influence of neighborhood effects on crime rates because it acknowledges how
broad and variegated social ties may be and provides a schema for how they relate to the internal
regulation of neighborhood norms. In this conceptualization, structural characteristics represent
resource deprivation at the neighborhood level, and how the lack of resources of many types, are
associated with the level of social organization that is possible. Crime is more likely in areas in
which the network of social relationships among residents cannot effectively garner new
resources or organically build institutions related to the prevention of crime. In the collective
efficacy model, there is less emphasis on attempting to measure and relate the interpersonal ties
of residents and how this influences the capacity for building institutions that can leverage
informal social control. Instead, collective efficacy focuses more on the extent to which norms
are shared and how that does or does not translate to action to uphold said norms.
Collective Efficacy Model of Social Disorganization
Key to understanding the relationship between concentrated disadvantage and crime rates is the
mediating construct of collective efficacy (Sampson et al., 1997). Collective Efficacy as a
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concept is rooted in the field of psychology and the study of individual variation in their
perceived capacity to influence the world around them, known as self-efficacy (Bandura, 1991).
Individual variation of self-efficacy is integral to explaining differences of individuals capacity
for self-regulation of behavior and their ability to achieve their prized goals (Bandura & Locke,
2003. As such, Sampson et al. (1997) define collective efficacy as the level of social cohesion in
a neighborhood and the willingness of residents to intervene on behalf of their fellow neighbors
to achieve common goals (e.g., maintain order through regulating the behavior of residents).
Collective efficacy has been found to be a key mediating construct between the role of structural
characteristics and crime. While structural characteristics influence a neighborhoods capacity for
collective efficacy, high levels of collective efficacy can insulate a community that is perhaps not
well suited to absorb macro-economic shocks or other societal level changes that tend to
adversely affect neighborhoods (Sampson, 2012).
For example, in the context of gun violence, the level of collective efficacy in a
neighborhood can influence the number of resources that a given community can gather or has
access that may help to address a persistent gun violence problem. In neighborhoods where
collective efficacy is low there will be fewer individuals that have the social and political
connections to lobby for public resources that may help diminish the effects of gun violence.
Public resources could include an increased police presence or additional allocation of
emergency medical services being dynamically deployed to respond quicker to reduce travel
times and mitigate the already harmful effects of gun violence. As Wilson (1987) points out, this
development of social disadvantage in place is historical in nature, but durable and increasingly
concentrated over time. Neighborhoods are likely to have a history of being deprived of essential
services, like health care, as has been noted in a previous examination of the placement of trauma
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care centers. For example, despite an ongoing gun violence issue, the City of Chicago continued
a process of further consolidation of trauma care centers that led to increased travel times and an
associated increase in gunshot wound mortality as trauma care for disadvantaged communities
becomes less geographically proximate (Crandall et al., 2016). The inability of the community to
lobby for replacement services or to keep existing trauma care resources locally is likely a
function of a lack of collective efficacy relative to other more socially organized or affluent
neighborhoods with different priorities and interests, like reducing overall healthcare costs
associated with taxpayer monies. Bursik (1988) has previously noted this propensity for conflict
of priorities and interests within cities at the neighborhood level that could be a function of
informal social control capacity or the breadth of resident social ties. As a result of these social
processes, neighborhoods with existing low levels of collective efficacy and high levels of social
disadvantage will experience shooting incidents of greater severity by creating fatal shootings
due to long response times and/or long travel times to trauma care, and these processes will
increase the social harm associated with gun violence in these places.
Within this research body are further refinements to the role structural characteristics of
neighborhoods play in determining crime rates and have led to the development of the concept of
concentrated disadvantage. Concentrated disadvantage refers to several social and economic
measures related to important features of life at the neighborhood level that informs a
neighborhoods capacity for leveraging informal social controls (Sampson et al., 1997).
Combined with residential instability, concentrated disadvantage can inhibit the development of
collective efficacy and social organization at the neighborhood level (Sampson et al., 1997;
Sampson, 2012). Concentrated disadvantage relates to the socioeconomic composition of
neighborhoods and available resources among residents that can be leveraged to socially
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organize. Like the systemic model, residential instability inhibits the formation of social ties
among neighborhood residents and lessens their willingness to intervene due to the lack of
capacity to discern stranger from neighbor. Sampson et al. (1989) supports this view and found
that residential stability promotes social organization and facilitates social integration of
residents within the daily rhythms of the neighborhood that is key to the recognition of strangers
and willingness to intervene on behalf of shared community goals of safety. Neighborhoods with
high levels of concentrated disadvantage are viewed as “ecologically distinct” and perhaps most
aptly represent the outcomes of what Wilson (1987) describes as “concentration effects”.
There are two main differences between the systemic and collective efficacy models of
social disorganization. One is the emphasis on collective efficacy as a construct rather than
various aspects of informal social control. Relatedly, collective efficacy as a concept varies from
informal social control due to the lack of emphasis on the role of social ties, particularly those
relating to primary relationships. Bellair (1997) observed that residents may only need to interact
once a year to influence the development of guardianship networks that regulate neighborhood
crime rates. More frequent interactions did not have a significant effect on neighborhood crime
rates and suggests that “weak ties” are sufficient for the development of informal institutions of
social control. The systemic model of social disorganization is somewhat undermined by the
finding that strong or dense social ties at the neighborhood-level may inhibit the development of
social organization (Sampson, 2012). Put more plainly, social organization as influenced by
private informal social control institutions may lead to both positive and negative social
outcomes. For example, Kornhauser (1978) suggests that structural barriers lead residents of
neighborhoods to develop cultural adaptations that are conducive to criminal behavior. If such a
cultural adaptation does not hold freedom from harm or promotes a gun-centric culture, then
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greater social organization will lead to increased rates of interpersonal violence and the
acceptance of gun-ownership as a norm. One example from the research base suggests that
strong ties among residents may impede awareness efforts of violence against women in
communities, suggestive of an insulating effect of strong ties (Wright & Tillyer, 2020). Sampson
(2012) also contends that collective efficacy removes the onus for measuring the extent of
relationships and social ties among residents of the same neighborhood, and collective efficacy
directly measures the level of social cohesion and willingness to intervene among residents on
behalf of their neighbors.
Related to this last note is the second difference between systemic and collective efficacy
models. Specifically, there is an active component of collective efficacy that is missing in terms
of its conceptualization and measurement. Sampson and colleagues (1999) propose that
collective efficacy is “a task specific construct that highlight shared expectations and mutual
engagement by residents in local social control” and such that directly measures the intentions of
neighbors as well as the extent to which norms are shared. The measurement of action related to
residents upholding of norms captures the level of investment that residents have in their
community and addresses many of the main components of how structural characteristics of
communities influence the creation of social cohesion and ties among residents. For example,
high levels of collective efficacy at the neighborhood-level would represent a place where
residents are invested and unlikely to move at first opportunity, meaning that residential
instability will be relatively low and allow for the formation of social ties related to all three
aspects of informal social control. Similarly, the willingness to intervene on behalf of your
neighborhood in the interest of upholding community norms suggest that linguistic or racial and
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ethnic differences are un-important to resident’s perception of their neighborhood’s adherence
commonality in terms of the normative beliefs that they hold.
2.2 Micro-places and Within-Neighborhood Variation of Crime
Social disorganization theory has evolved over time from explaining the variation of crime rates
between neighborhoods to explain the variation of crime within neighborhoods. Indeed,
constructs normally measured at the neighborhood-level and used to explain betweenneighborhood variations in crime activity have been increasingly re-conceptualized as microlevel measures and used to explain micro-level variation in crime activity (Weisburd et al., 2012;
Weisburd et al., 2014; Weisburd et al., 2021). The following section outlines the key
mechanisms for social control that exist and operate at micro-places and relate to the capacity for
micro-places to regulate community norms and thus, the distribution of crime across places
within neighborhoods.
Taylor (1997) describes street segments as “freestanding social, spatial, enduring units in
the urban and perhaps suburban residential environments that help organize our understanding in
spatial variations in resident-based informal social control”, and thus, crime. Indeed, microplaces, operationalized as street segments, have been described as the first organizing unit of
city-life and social processes (Sampson, 2012). By establishing that crime non-randomly clusters
at micro-places, Sherman et al. (1989) put a further emphasis on the importance of micro-places,
their characteristics and how these characteristics relate to mechanisms for social control and
crime. Street segments, or block-faces, have long been understood to be unique and their
characteristics important to understanding why crime rates vary from one block to the next.
Jacobs (1961) noted how on some streets, the lack of activity led to fewer people watching the
street or “stooping” and how this lack of natural surveillance would likely increase the amount of
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delinquent and criminal behavior, as youth go un-checked in their transgressions against
community norms. Hunter & Baumer (1982) suggested that such natural surveillance of a block
leads to greater social integration of neighbors through increased recognizability of strangers, the
identification of normative patterns of block life activities, and the increased perception of safety
among residents of the block that know their well-being is being looked after. Street segments
also have certain physical dimensions that, in addition to connecting people within a
neighborhood or larger street network, also provide recognizable barriers that act to partition
residents from perhaps non-normative behavior happening in an adjacent area (Taylor, 1997).
This is partially why Sherman et al. (1989) describe micro-places as those that can be fully
viewed from a single perspective. It is possible to see an entire block and its features from one
point, but beyond that, it is much more difficult to identify the people and their behavior.
Neighborhood characteristics are not wholly unimportant to the capacity for social
organization at micro-places. For example, Taylor, (1997) states that neighborhood structural
characteristics merely moderate what is possible for residents within their individual street
segments. Neighborhood structural characteristics in this way, create a sort of social organization
bandwidth and represent what is the possible range of social organization capacity for the
component street segments found within the boundaries of the neighborhood. Indeed, Taylor
(1997) contends that the larger neighborhood structural conditions will be able to predict the type
or level of social organization at micro-places that are likely to appear. However, neighborhood
structural characteristics only create the boundary conditions for what is possible in terms of
social organization at street segments, and to suggest a uniform distribution in social
organization would be a violation of the “ecological fallacy” (Robinson, 1950). Taylor (1997)
further states that the social processes related to parochial informal social control operate at street
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segments in a similar fashion to the neighborhood-level in addition to explaining within
neighborhood variation in crime.
The characteristics of street segments vary in terms of both physical and social
characteristics, and these lead to different shared norms related to how residents and interlopers
may be allowed to behave (Taylor et al., 1984). Related to these physical and social
characteristics of street segments, these micro-places within neighborhoods have varying statuses
determined by their characteristics that lead to perceptions of desirability among residents of the
larger neighborhood or city (Taylor, 1997). Blocks may be distinguished by key features like
canopy coverage or well-maintained housing stock that increases the property values and thus,
wealth of long-time residents. These social processes then increase the perceived investment in
the block by residents and may increase their vigilance but may also boost their social standing
within the larger community and increase their capacity to marshal resources to respond to social
problems within their purview. Further, desirability of blocks within neighborhoods will lead to
differentials in rates of residential instability which in turn influences the formation of social ties
and capacity for informal social control. Similarly, Taylor (1997) notes it is the structural
characteristics of neighborhoods and their capacity to leverage informal social controls that
determine whether residents can absorb shocks stemming from larger societal changes that
influences the extent to which social organization is possible. This process happens at both the
neighborhood (Sampson, 2012) and street block level (Weisburd, et al., 2020).
Weisburd et al., (2020) expand on this notion that collective efficacy as a social process
can also take place at micro-places and is not strictly a neighborhood-level construct.
Specifically, they state that social processes that directly influence the levels of collective
efficacy like the development of trust among neighbors and subsequent social cohesion does
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occur at smaller units of analysis. This process of becoming familiar with the daily “rhythms”
and routine activity of fellow residents is more plausible at the micro-level as proposed by
Taylor (1997), as residents are less likely to be familiar with the residents and routines of those
even a block away. Similarly, given Sherman et al. (1989) definition of a micro-place, inherently
natural surveillance will be easier for a given resident on the block they live on than even one
directly adjacent. Therefore, on a block where neighbors are more socially integrated, residents
are more likely to discern friend from stranger and have reported a greater level of responsibility
for the activities associated with their street segment (Taylor et al., 1981), this sense of
engagement and willingness to act being central to the idea of collective efficacy.
Social disorganization-informed research has grown in popularity since the wider
availability and accessibility of geographic information systems (GIS) and spatially referenced
data. Spatially referenced data related to social disorganization constructs can now more readily
be measured at a wider range of spatial scales, including the micro-level. Previous work has
found significant associations with micro-level crime rates (Smith et al., 2000; Groff &
Lockwood, 2014; Weisburd et al., 2012). In addition to creating various ways to measure
structural characteristics of micro-places, researchers have developed proxies that allow for the
measurement of collective efficacy at the street segment level and found significant variation
across micro-places. For example, Weisburd et al. (2004; 2012) operationalized collective
efficacy by measuring voter activity over a two-year period for each street segment. In a more
recent example, Magee (2020) operationalized collective efficacy by measuring 311 call activity
at street segments. Both examples attempt to capture the level of investment but also perceived
capacity among residents to influence the activities in their communities and by doing so, have
provided innovative and more easily measurable constructs of collective efficacy.
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One of the most definitive studies of the variation of social disorganization across microplaces was Weisburd et al. (2012). In The Criminology of Place Weisburd and colleagues have
expanded the discussion of the role that social disorganization plays at micro-places to include
the role of collective efficacy in influencing micro-place crime variation. Collective efficacy was
found to be associated with street segments that exhibited crime trends that were decreasing over
time. Streets with higher levels of wealth via property values were similarly associated with
decreasing crime trends. Conversely, street segments with greater levels of ethnic/racial
heterogeneity and housing assistance usage were associated with crime trends that increase in
time. Taken together, these results suggest that the relationships between crime and poverty,
residential instability, and ethnic heterogeneity are similarly occurring at the street segment level.
Further, structural characteristics related to social disadvantage are creating barriers to the
development of collective efficacy among residents of street blocks and this process is
influencing the trajectory of crime at micro-places. As an example, if wealth and breadth of
social ties in addition to collective efficacy varies across street segments within a neighborhood,
their access to essential services may vary as a function of these social processes much like as
discussed was possible at the neighborhood-level. If access to essential services related to the
operational response to gun violence vary, like access to trauma care or police response, this will
create variation in the severity of gun violence incidents and potentially create street segments
that have a higher ratio of fatal to non-fatal shootings. Subsequently, these micro-places will
experience greater social harm because of gun violence due to micro-level place-based
dynamics.
Modern conceptualizations of social disorganization have become increasingly oriented
towards explaining micro-level variations of crime as a function of micro-level variations in the
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capacity to leverage informal social controls that are influenced by structural characteristics of
micro-places (Hatten & Piza., 2021; Weisburd et al., 2021). However, social disorganization is
somewhat limited in its capacity to measure and explain the more geographic characteristics of
street segments and in contextualizing street segments as part of a larger street network that links
residents with public resources. In the following section, this dissertation will incorporate further
theoretical explanations for the concentration of crime at micro-places in addition to important
characteristics of micro-places that are associated with crime concentrations.
2.3 Opportunity Theories and Micro-level Gun Violence
Within the criminological literature, street segments have been posited to have characteristics
outside of social processes like social disadvantage or collective efficacy that influence the
spatial patterning of criminal behavior. There is a growing research body informed by
Opportunity theories of crime, including Crime Pattern Theory (Brantingham & Brantingham,
1995; 2008) and Situational Crime Prevention (Clarke, 1997) that include new
conceptualizations of the role of place, but also argues for more specificity in the examination of
crime types and interventions that mitigate the harm associated with criminal activity. Crime
Pattern Theory is further expanded upon later in this section with a discussion of the spatial
concentration of crime at micro-places as related to its place within the larger street network.
Previous research has found that street segments have geographic characteristics that relate to
their place within the larger urban transportation network and influence crime patterns. To that
end, researchers have recently advocated for street network-based approaches for the allocation
of police resources given the predictability of street network composition in forecasting property
crime trends (Rosser et al., 2017).
Crime Pattern Theory and the Characteristics of Micro-places
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Crime pattern theory is an opportunity-based framework that is focused on explaining the
spatial patterning of crime activity, and micro-level variation of crime, as a function of the
characteristics of micro-places combined with how these places are situated within a street
network (Brantingham & Brantingham, 1993). Crime pattern theory represents the integration of
routine activities (Cohen & Felson, 1979) and rational-choice (Cornish & Clarke, 1987)
frameworks contextualized within the built environment. People who share similar activity
spaces and routes as motivated offenders in the absence of any form of guardianship are more
likely to be victimized than those who do not share similar routine activity patterns (Cohen &
Felson, 1979). Part of this decision-making process is informed by how familiar the offender is
with a given area that contains the opportunity. The farther away an opportunity exists from the
places an offender is familiar with, the less likely it will be exploited (Eck, 1993). As such, much
of the research relating to crime pattern theory examines the role of how the victimization risk of
individuals are influenced by the places that they frequent and routes they take to get to said
places.
Within crime pattern theory, the characteristics of places is essential to understanding the
distribution of crime in space. Crime pattern theory states that the crime activity associated with
a given area is driven by micro-places referred to as crime “generators” or “attractors” (CGA’s)
(Brantingham & Brantingham, 1995). Crime generators are places without known crime
opportunities that offenders could exploit but produce crime activity because of their role in
increasing foot traffic or the number of people that meet in place. For example, bus stops have
been found to increase the risk of robbery at street segments as they act as hubs where
individuals from different areas of the city interact but are popular places where foot traffic is
high (Gerell, 2018; Liu, et a., 2020; Szkola et al., 2019). The presence of vacant properties is

30

associated with increases in levels of violence due to their lack of property managers and their
dis-location from forms of “natural surveillance” that provides opportunities for criminal
offending with lower risk of apprehension (Valasik et al., 2019). Crime attractors are microplaces known to offenders for their relationship to opportunities for offending and are the site of
exploitable criminal opportunities. For example, crime attractors can range from opportunities
that require more local knowledge such as neighborhood corner stores that rely on cash
transaction to more obvious opportunities as those provided by illegal open-air drug markets
(Bernasco & Block, 2011).
Brantingham & Brantingham (1993) further propose that the CGA’s interact with the
built environment, as nodes within a street network, and represents an “environmental backcloth”
which can account for the spatial patterning of crime activity in urban areas. More recent studies
have included additional measures of social processes from the social disorganization tradition to
create a more holistic understanding of the multi-level social forces that interact to drive crime
activity (Piza & Gilchrist, 2018; Hatten & Piza, 2021). While viewed as a theoretically distinct
research literature, crime pattern theory has been proposed to overlap with social disorganization
due to the emphasis in both theoretical frameworks on the role of social control.
Bursik & Grasmick (1993) argue that the role of guardianship as proposed in opportunity
theories is not theoretically distinct from the idea of informal social control. These social
processes both rely on the capacity of residents to identify strangers and a certain level of social
cohesion that would result in neighbors both acting to uphold norms and intervene in matters of
public safety. Given the recent re-orientation of social disorganization theory to explain microlevel crime variation (Weisburd et al., 2012; Weisburd et al., 2020), the marriage of these
seemingly disparate theoretical frameworks is increasingly more common in the research base
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(Braga & Clarke, 2014; Weisburd et al., 2014). However, crime pattern theory is distinct in their
operationalization of constructs that represent the built environment that have known
associations to micro-level violent victimization rates that is important to the study of gun
violence.
Street Network Characteristics and the Spatial Patterning of Crime
Central to crime pattern theory is the idea that micro-places are best situated as part of a
street network and that their “place” within the network has implications for the likelihood of
criminal victimization. The accessibility and connectivity of a given street segment is important
to understand the spatial patterning of crime. Poole et al., (2018) in a study of 190 cities across
the United States (including Kansas City, MO) observed that the lethality of violent crimes
decreases as road networks become more interconnected, suggesting that accessibility is
important to understanding the spatial patterns of fatal shootings. Conversely, despite their role
as connector pathways, interstates were proposed to represent key pathways or a series of nodes
that increased the lethality of violent assaults. However, this is another example of the research
literature being overly focused on the pre-incident conditions that facilitate criminal behavior.
From an operational lens, given the lack of addresses, street corners, or monuments with which
to orient the caller, it is more difficult to find and access the scene of a violent assault on an
interstate than within a local street grid, increasing the lethality.
Summers and Johnson (2016) provide several measures that relate to how and where
street segments are situated within the street network to examine their role in predicting serious
outdoor violence. While measures of connectivity were not associated with other characteristics
of street segments, the number of segments a given segment is connected to increase the risk of
fatal and non-fatal assaults. The authors hypothesize that the observed relationship is because
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street segments less connected to the larger grid are more likely to exhibit guardianship and
dampen crime opportunities and suggest that police interventions be focused at only the most
highly accessible streets. However, given the small number of crimes, the authors did not
examine whether this relationship varied among the several outdoor serious violence crime types
(outdoor murder, attempted murder, and other near-lethal violent crimes). Given previous
research emphasizes the role of proximity and travel time in reducing mortality likelihoods of
lethal assault victims (Crandall et al., 2013; Hatten & Wolff, 2020), it is more likely that nonfatal assaults occur at these highly connected segments, while fatal incidents concentrate at less
accessible segments.
Perhaps more appropriately for the current dissertation, Taniguchi et al., (2012) observed
that in response to natural disasters, the more connections a given road network has among its
component street segments, the more options first responders have for routes, reducing the
influence of traffic conditions, but also reducing the physical distance traveled. Thus, providing
evidence in support of the contention that accessibility is key to the successful and efficient
operation of first responders in the event of an emergency. This study, while less rigorous in
design, provides insight in the role that the built environment plays in the response to
emergencies that is central to this dissertation. Indeed, Kim & Hipp (2019) note the importance
of pathways within a street network in influencing the spatial patterning of violent crime across
micro-places. Micro-places that are generally inaccessible to residents and commuters will also
likely lack accessibility to essential resources in the event of an emergency. In the event of a
shooting, this lack of accessibility will then create micro-places that, as a feature of their
geography, will increase the mortality likelihood of gunshot wound victims and subsequently
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create fatal shootings where if the shooting had occurred on a street more accessible to essential
services would have been non-fatal.
Sherman et al. (1989) by determining that the concentration of crime at micro-places
founded the crime at place literature and opened examinations of crime to micro-level
explanations. They state that with a renewed focus on micro-level characteristics that
examinations, like the current dissertation, may include new social processes that are less
sociological in nature or perhaps overly obvious in their relationship to the outcomes of interest.
In this vein, the following chapter will outline the various empirical work that relates to the postincident operational processes that, while related theoretically to aspects of resource deprivation
and the configuration of street networks, are less sociological in nature. However, given the
propensity of micro-places to explain city-wide crime rates (Groff et al., 2010), these
examinations are essential to understanding and developing creative responses to ongoing crime
trends.
In the following section, this dissertation describes the various ways that opportunitytheory influenced examinations have promoted greater specificity with regards to defining crime
problems and expanded notions of the societal impact of different types of crime as well as the
potential for interventions to mitigate the harm associated with crime of varying types.
Specifically with regards to crime pattern theory, street segments have been described in terms of
their characteristics, how they are situated within a street network and the implications that this
has for the distribution of crimes (of varying severity) across micro-places. This research body is
focused entirely on the conditions that facilitate the generation of crime and largely neglects the
role that post-incident operations have in influencing the spatial patterning of crime.
Situational Crime Prevention, Social Harm and the need for Crime Specificity
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Generally, opportunity theories of crime causation assume a rational choice decisionmaking process that offenders undergo when choosing targets for victimization. The Rationalchoice deliberation process suggests that offenders when assessing a potential criminal
opportunity, will weigh the costs (likelihood of incarceration, time, missed opportunities,
likelihood of violence) against the benefits of exploiting the opportunity for personal gain
(Cornish & Clarke, 1987). Opportunity theories state that places with no perceivable and
exploitable criminal opportunities, the perceived cost of exploiting a criminal opportunity at that
location will outweigh any gain and no crime will occur.
Therefore, the outlay of specific places and people in space can largely determine the
spatial patterning of certain types of crime. Under the larger umbrella of “opportunity” theories
of crime causation, there are several conceptual frameworks that focus on the way that
opportunity for criminal activity is shaped. Situational Crime Prevention (SCP) is one branch of
opportunity theories that focuses on the process of offending, with an emphasis on the proper
definition of criminal activity under examination and the unique situational characteristics that
allow for the crime to occur (Freilich et al., 2020). SCP-informed examinations have increasingly
pushed the field to focus on the characteristics of situations or the type of criminal activity in
terms of understanding patterns or the “geometry” (Sparrow, 2008) of the harmful activity rather
than offender based or “root causes” approaches that were common in the latter half of the 20th
century (Huisman & van Erp, 2013). SCP informed interventions attempt to increase the cost
associated with opportunities in the effort to make them less tenable and less likely to be
exploited through a careful analysis of the situational characteristics that facilitate the crime
activity.
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The shift of focus on the opportunity presented and situational characteristics rather than
the characteristics of the offender in explaining crime causation is a significant shift in the field
of criminology. Indeed, such developments like social harm indices that focus more on
characteristics of the crime are promoted to be agnostic of the individual characteristics of the
offender and thus, potentially less biased (Sherman et al., 2016). Situational crime prevention
and other opportunity-focused theories of crime causation have been increasingly used to inform
police interventions but also develop new ways of examining the societal harm that crime poses
with an emphasis on providing greater nuance to crime categories. For example, there has been
an increasing push to count crime in terms of social harm by way of using the locality’s
sentencing guidelines as a measure of the severity of the offense, violent offenses like assault and
rape with the longest sentences and greatest inflicted social harm (Ratcliffe, 2015). The most
widely used crime harm index is the Cambridge Crime Harm Index, which similarly uses
sentencing guidelines, defined as the number of days in prison for each offense type to weigh the
observed crime types based on severity and direct policing resources (Sherman et al., 2016). To
get an accurate picture of the harm experienced by communities, there is a requirement for
greater specificity as it relates to examining crime types, as each crime type will have a different
number of expected days of imprisonment associated. For example, a non-fatal shooting will be
seen as less severe than fatal, given that the average number of days incarcerated is likely longer
for murder than an aggravated assault. Combining fatal and non-fatal shootings in the same
analysis of gun violence problems then lacks the specificity needed to properly assess the amount
of social harm associated with the gun violence problem in each locality and systematically
biased harm estimates but also cost/benefit analyses, depending on the assumptions of the
analyst.
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Another improvement of the social harm-focused counting of crime allows for greater
generalizability across geographies due to the reliance on local sentencing guidelines that are
unique to places, but every place has them and the use of weights makes all measure relative to
one another and comparable. For example, Anderson & Mueller-Johnson (2018) have developed
the Danish Crime Harm Index to assess the effectiveness of police interventions based on
sentencing guidelines unique to Denmark. These indices have been so widely adopted that recent
work has focused on further increasing their tractability for use by crime analysts and comparing
them to more traditional hot spots methods to assure their suitability to inform police resource
allocation. Mohler et al. (2018) have used measures of social harm based on the to inform
dynamic “harm-spot” policing strategies and shown there was no difference in error or bias
compared to using more traditional hot spot policing techniques based on crime counts.
Similarly, Carter et al. (2021) used both hot spots and harm spots to inform a proactive policing
intervention and found that it was effective at reducing social harm but there was a lack of
significant effect associated with the reduction of crime counts at hot spots, suggesting that as a
dynamic policing deployment strategy, that harm spot techniques can be as or more effective that
those informed by hot spots analysis and simple crime counts. They used financial estimates in
the form of the estimated average social cost per harm event in terms of $US dollars, rather than
sentencing days in previous harm indices. Interestingly, Weinborn et al. (2017) using sentencing
guidelines from England and Wales, found that Harm is potentially even more spatially
concentrated than crime count-informed hot spots analyses. This suggests that as a place-based
policing strategy, resources could be potentially further concentrated in space and greater gains
in efficiency could be made over and above those generated from hot spots policing techniques.
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The initial success of these strategies and portability of harm indices to inform policing
interventions has led Berg & Shearing (2018) to assert that the centrality of crime control
activities in the reduction of harm may be mis-guided and suggests that municipalities adopt
additional non-crime strategies in the mitigation of harm. Adopting social harm indices then
necessitates an inter-disciplinary approach that spans municipal and state institutions, with a
recognition that the severity of crime matters but also that a crime control focused approach to
the mitigation of harm is often insufficient.
The issue of mitigation of harms is important, as Weisburd & Eck (2004) famously
asserted that the standard model of policing, which relies on reactive fast police response and
post-incident investigations have a limited influence on the reduction and prevention of crime.
Instead, the authors argue there is growing support for prevention approaches that are specific to
the locality, place-based, and predicated upon identifying finer grained definitions of crime type
(from more general categories). One such concept associated with the situational crime
prevention framework focuses on the mitigation if not alleviation of crime problems, or harms
and is known as benign displacement. Barr & Pease (1990), state that benign displacement
occurs that when even if there is total displacement of crime as result of police intervention,
there are instances where this “redistribution” is preferable because it is more socially desirable
because the offenses are less serious. Work surrounding social harm, and harm-reduction
strategies have generally taken this approach to evaluate the social cost of criminal activity but
also inform mitigation strategies that will reduce the severity of criminal activity in the interest
of promoting greater social wellness.
In their work, Barr & Pease (1990) provide an example relevant to this dissertation,
suggesting that if society could expect a consistent level of interpersonal violence, by limiting
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access to guns and diverting violent offenders to the use of less lethal weapons, this would prove
to be a societal good. Similarly, this dissertation suggests that by the proper allocation of
resources in space, that is based the harm associated with gun violence could be more equitable
through greater access to public goods that can mitigate the effects of gun violence and decrease
the severity of the crimes associated with gun violence.
Another such opportunity-focused theory, Crime Pattern Theory further explains the
situational characteristics that are associated with fatal and non-fatal shootings. Specifically, the
constructs within crime pattern theory provide greater nuance to the variation in the
characteristics of micro-places and how they will explain crime causation, and in the case of the
dissertation, lead to greater crime severity in the form of fatal shootings.
2.4 Chapter Summary
In the previous chapter, gun violence as a social phenomenon is contextualized within placebased theoretical frameworks developed by the fields of sociology and criminology. Social
disorganization theory is explicated at length and key social processes like concentrated
disadvantage, collective efficacy, residential instability, and ethnic heterogeneity operate in
complex ways at both the neighborhood- and street segment-level to explain variation in crime
rates. Micro-places like street segments are described as “micro communities” and the
importance of describing micro-places characteristics, like the presence of “risky” facilities are
equally important to explaining micro-unit variation in crime rates. These theoretical frameworks
are complementary in their reliance on the mechanism of informal social control mediating the
structural conditions at the neighborhood- and street segment-level and crime rates. Specifically,
it is difficult for the residents of a street segment to exert informal levers of collective action
when structural conditions at the neighborhood- and street segment-levels, like poverty and high
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residential turnover do not allow for the formation of social bonds key to that action. Further,
these structural conditions often co-locate with certain types of places with known associations
to criminal opportunities or are mixed-use residential areas where businesses drive increases in
foot traffic, increasing the likelihood of suitable targets interacting with known offenders in
space. These theoretical frameworks can be applied to crimes of all types, including gun
violence.
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Chapter 3: Key Empirical Literature
3.1 Law of Crime Concentration
In the current chapter, this dissertation presents the empirical evidence concerning the
concentration of gun violence at micro-places and the place-based correlates that may explain the
variation in fatal shootings across micro-places. The first section will formally define the law of
crime concentration, outline the assumptions contained within it, and address lingering issues in
the validation of the LOCC as they relate to gun violence. Following that section, this
dissertation then defines and explains the importance of examining the composition of microplace crime concentrations or “hot spots” within the criminological literature and whether the
spatial overlap of different types of firearm-related crime can be assumed. In the four remaining
sections, this dissertation will outline the evidence for including both neighborhood- and microlevel measures that will represent the place-based dynamics likely to explain micro-level
variation in fatal shootings. These measures relate to key constructs from social disorganization
and crime pattern theories of crime causation.
Empirical examinations of the law of crime concentrations have generally validated the
law across crime types and geographies with violent crime being more concentrated than
property crime (Lee et al., 2017). The research literature concerned with testing the law of crime
concentration has grown in recent years, but there is still much validation to be performed given
the nature of the research. By and large, research related to the law of crime concentration
continues to lack a standard technique for examining and reporting crime concentration, varies in
the operationalization of units of analysis, and has yet to examine disaggregated categories of
shooting types. In relation to the study of firearm-related crime, the limited number of empirical
examinations suggest that both fatal and non-fatal shootings will concentrate in place, but likely
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in different intensities. The law of crime concentration as outlined by Weisburd (2015) is as
follows,
“… for a defined measure of crime at a specific microgeographic unit, the concentration
of crime will fall within a narrow bandwidth of percentages for a defined cumulative
proportion of crime”.
The definition of the LOCC includes several assumptions. First, there must be a defined
measure of crime or specific crime type being examined. Second, the examination must take
place at the micro-geographic unit. Finally, the results must be interpretable in terms of the
number of micro-places that account for a cumulative percentage of crime and the resulting
estimates of concentration must be stable over time to further validate the LOCC. Each of these
assumptions must be met to further generalize the LOCC. Empirical research literature so far has
found that crime concentrates at micro-places, that crime concentrations are relatively stable over
time, and that the degree to which crime concentrates and is stable will depend on the crime type
under examination.
Perhaps the most important and influential study in the examining the concentration of
crime at micro-places was conducted by Sherman et al. (1989) that examined calls for service in
Minneapolis, Minnesota over one year. The importance of this study did not stem as much from
the finding that 50% of all calls came from 3% of all addresses, but from the finding that this
concentration in crime at space was not random. Specifically, that compared to a random
distribution of events generated from a Poisson distribution, which crime distributions tend to
follow, that crimes at micro-units are much less dispersed. Further, in a supplemental analysis,
Sherman et al. (1989) found that micro-unit concentrations of crime were often co-located with
risky facilities. With the advent of advanced computing systems and geographic information
systems (GIS), the study of crime at place has become increasingly oriented towards identifying

42

concentrations of crime at micro-places (Sherman et al., 1989) and is used to inform
geographically oriented policing strategies, like hot spots policing (Sherman & Weisburd, 1995).
Many early studies focused on describing the concentration of crime at place used single
monolith crime categories that did not distinguish a specific crime type as the focus of the
analysis, instead focusing on either generalizing the LOCC to a new geography or establishing a
new measurement procedure (Gill et al., 2017; Steenbeek & Weisburd, 2016; Umar et al., 2020;
Weisburd, 2015; Weisburd & Amram, 2014). Conversely, there is a greater number of studies
that include parsed out results for several crime types within the same study that further
generalize the LOCC, specifically when concerning crimes like theft, robbery, and burglary
(Amemiya et al., 2019; Andresen & Linning, 2012; Bernasco & Steenbeek, 2017; Boivin et al.,
2019; Bowers, 2010; Favarin, 2018; Hardyns et al., 2019; Levin et al., 2017; O’Brien, 2019;
Prieto & Curiel, 2018; Vandevivier et al., 2019). Complicating the generalization is that among
these studies that validate the LOCC, differing units of analysis were used by the researchers
either because of data limitations or the nature of the problem under examination.
For example, in the absence of spatial referenced street segment data, micro-level sized
grids between 100-150m squared have been used (Chainey et al., 2020; Hardyns et al., 2019).
There have been several examples of unique operationalizations of the unit of analysis in the
validation of the LOCC. For example, Sorg et al., (2020) examined use of force incidents for
their spatial concentration but focused on subway stations as the unit of analysis. Facilities
(Bowers, 2014) and individual people (Prieto & Curiel, 2018) have also been used to assess
those micro-places and people most at risk of victimization. While these units are assuredly
micro-level in nature, they do not employ the use of street segments which is increasingly
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becoming the micro-unit of choice among crime researchers given the unique social and physical
properties that are associated with crime that they embody (Taylor, 1997).
Despite the routine validation of the LOCC there remains the issue of how the results are
reported. Studies continue to employ arbitrary cut-offs in their reporting of crime concentration,
often reporting the percentage of streets that account for 25 or 50% of the total crime for a given
crime type (Chainey et al., 2019; Gill et al., 2017; Sherman et al., 1989; Weisburd, 2015;
Weisburd & Amram, 2014; Weisburd et al., 2012). This issue only becomes problematic if
available techniques go un-used, and often, studies will report both arbitrary cutoffs for greater
contextualization of the results in addition to more rigorous measures like Lorenz curves and
Gini Coefficients (Boivin et al., 2019; Umar et al., 2020; Vandevivier et al., 2019). The use of
Lorenz Curves and corresponding Gini coefficients has become increasingly widespread since
the publication of Bernasco & Steenbeek, (2017) where they outline a method for analyzing the
concentration of crime at micro-places with sparse data. These techniques improve upon the
arbitrary cutoff method, includes the ability to provide statistically validated estimates, and the
ability to further contextualize the issue of crime concentration among the larger study of the
concentration of all human activity at place (Bernasco & Steenbeek, 2017).
With regards to temporal stability, studies have ranged drastically in the number of years
examined from one year (Andresen & Linning, 2012; Chainey et al., 2020; Chainey et al., 2019;
Weisburd & Amram, 2014) to over 10 years (Amemiya et al., 2019; Andresen et al., 2017; Braga
et a., 2010; Levin et al., 2017; Koper, 2015; Weisburd, 2015; Vandevivier et al., 2019).
Generally, among the longer studies, much like as found in Weisburd (2015) there is a tight
bandwidth within which measures of concentration fall within, suggesting temporal stability. The
LOCC has also been found to be remarkably stable no matter which temporal scale examined
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whether using days of the week, individual days, or seasons (Groff et al., 2010; Haberman et al.,
2017; Linning, 2015).
The issues concerning the larger research literature addressing the concentration of crime
types at micro-places can be extended to the study of gun violence. Largely, the research
literature related to examining the spatial concentration of gun violence has failed to parse out
fatal from non-fatal shootings, with Hipple et al. (2019) being one notable exception. However,
that single exception failed to study gun violence at the micro-level, muddying the waters.
Despite these complications, there is a remarkable amount of stability to the concentration of gun
violence in micro-places over time, like other crime types (Braga et al., 2010).
Braga and colleagues, (2010) undertook an extensive 29-year examination of micro-level
longitudinal trends of gun violence and found that only 5% of street units (a combination of
street segments and street intersections) accounted for 79% of all shooting incidents. These
trends were consistent over the course of the 29-year study period and provided the initial
support for addressing gun violence as a micro-level phenomenon as well as opened gun
violence to micro-level explanations for crime causation. However, the use of a single combined
shooting measure that did not discern between fatal and non-fatal shooting leads to a lack of
nuance to our understanding of gun violence. Later examinations of gun violence used a similar
categorization scheme and largely confirms the original findings of Braga et al., (2010). For
example, Koper (2015) found that 8% of streets contributed to 64% of all shootings over a 25year study period but also used the combined fatal and non-fatal shooting measure. Other studies
related to the study of gun violence have used aggregate crime categories to generalize the
LOCC across North and South America. For example, several studies have used a single
monolith homicide category that consists primarily of shootings but also other forms of
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interpersonal violence (Chainey et al., 2019; Chainey et al., 2020; Harinam, 2020; Pereira et al.,
2017; Ratcliffe & Rengert, 2008; Schnell et al., 2017).
It has yet to be examined whether both fatal and non-fatal shootings concentrate at microplaces in the same manner when treated as separate categories. Only one recent study has
approached this issue finding both fatal and non-fatal shootings clustered among block-groups
across 4 Mid-western U.S. cities (Hipple et al., 2019). Further, both shooting types were
suggested to concentrate in space and in places with higher levels of concentrated disadvantage,
but the study was largely descriptive in nature. Hipple et al., (2019) was limited in their capacity
to explain place-based dynamics due to the limited timeframe (2 years) and the relatively large
unit of analysis does not qualify the study as a generalization of the LOCC. Block-group level
analyses will be subject to the Modifiable Areal Unit Problem (MAUP) by smoothing over
micro-level traditions through aggregating shooting incidents and artificially magnifying effects
of social processes occurring at micro-places. The short study period of the analysis also tells us
little as to whether the observed patterns are stable over time.
Given the results of previous examinations, it is apparent that fatal and non-fatal
shootings are likely to concentrate at micro-places. However, fatal shootings are likely to
concentrate to a greater degree than non-fatal shootings (Hipple et al., 2019). One likely cause
for this difference in concentration at micro-places would be the lack of spatial overlap among
shooting typologies. As it stands the empirical literature is lacking in studies that examine the
composition of gun violence hot spots. Though, the lack of spatial overlap among shooting
typologies has yet to be fully established in the empirical literature due to previous examinations,
hot spots of different crime typologies, in general, do not consistently overlap (Haberman, 2017).
In the following section, this dissertation will discuss previous examinations of crime typologies
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overlapping at place and what this literature may suggest for shooting typologies. Should
shooting typologies fail to overlap at micro-places, this suggests that fatal and non-fatal
shootings are distinct social phenomena related by the presence and use of firearms.
3.2 Hot Spots and Spatial Overlap of Crime
While the law of crime concentration (Weisburd, 2015) suggests that all crime will concentrate
non-randomly at micro-places, previous work has found that different crime types are unlikely to
concentrate at the same micro-places (Haberman, 2017). In this section, this dissertation outlines
a limited empirical literature that has examined the overlap of different crime types at microplaces or “hot spots”. This research body falls into two categories, direct and indirect tests of
spatial overlap of different crime type hot spots. Within both camps there is little evidence that
hot spots of different crime types will overlap at micro-places, though there are few direct tests
of this phenomenon, and no test that specifically examines the composition of fatal and non-fatal
shootings micro-place hot spots.
As stated in the previous section, the law of crime concentration suggests that crime will
concentrate at just a few micro-places in urban areas (Weisburd, 2015). Within the
criminological literature, these micro-places that feature non-random crime concentrations are
operationalized as “hot spots”. While the idea that crime is concentrated in space has been long
established, “hot spots” of crime have been identified as non-randomly occurring and suitable for
focusing police interventions since the late 1980’s (Sherman et al., 1989). With this finding came
the advent of hot spots policing strategies that have a remarkably consistent impact on crime
levels and specifically reduction of gun violence at micro-places (Braga et al., 2019; Rosenfeld et
al., 2014).
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It has been previously reported that not all hot spots are alike in their crime type
composition, suggestive that geographically oriented policing strategies that rely on hot spots
may be less effective if not focused on a single crime type (Haberman, 2017). Complicating the
issue but also highlighting the need for the identifying the composition of hot spots, is that as a
field, there is still uncertainty as to which tactics are best suited for addressing the various crime
type hot spots (Telep & Weisburd, 2012). Different crime types will require different
interventions and without interventions being tailored to crime type, there could be further
misallocation of scarce resources. While recent work has suggested that a similar dynamic is at
work concerning gun violence hot spots (Hipple et al., 2019), there has yet to be an examination
conducted at the micro-level to confirm the lack of spatial overlap. Similarly, there are few
examinations that directly test the spatial overlap of different crime type hot spots.
Haberman, (2017) is the most prominent and rigorous study within the criminological
literature focused on examining the spatial overlap of different crime type hot spots. Conducted
with 1-year of disaggregate crime data, Haberman (2017) found that street segments with the
highest crime counts for each crime type, operationalized as hot spots, were unlikely to exist in
the same place. In fact, he found only two correlations, between disorder crimes-personal
violence and disorder crimes-street robberies had more than a “moderate” correlation. Given the
study was only conducted with one year of crime data, the implications for stability are limited.
However, different types of analyses that examine the spatial patterning of crime types suggest
that the observed relationships are likely stable over time. However, of the nine remaining crime
types, there were very strong correlations, including two negative correlations between burglary
and robbery crime types, suggestive of a lack of spatial overlap among hot spots of different
crime types.
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Additional studies that examined the overlap of hot spots of varying crime types were
conducted using different methods found that narcotics related crimes and violence were
spatially related (Lum, 2008), but this finding has been called into question in subsequent
analyses (Lum, 2011). In an examination of the different crime types found inside drug market
boundaries, Lum, (2011) found that while narcotic-related crimes were prevalent and
concentrated, drug markets rarely accounted for more than 20% of any other crime (19.9% of all
Disorder). Similarly, Weisburd & Mazerolle (2000) report a “spatial link” between micro-level
drug hot spots, disorder crimes, and serious crimes. While narcotic-related crime hot spots held a
disproportionate amount of other crime types, Weisburd & Mazerolle (2000) did not specify if
the activity levels for the remaining crime types were necessarily at the threshold to be
considered hot spots.
Studies conducted at the micro-level have found that different crime types likely have
different spatial patterns (Andresen & Linning, 2012; Andresen et al., 2017; Ha & Andresen,
2020). Though, Andresen & Linning (2012) found there may be limited support for aggregating
similar crime types at the micro-level for one of the two contexts in which the study took place.
There are several examinations that involve testing the stability of the spatial patterning of crime
over time. This smaller research base suggests that there is not much overlap in terms of spatial
similarity across crime types, but a remarkable amount of similarity over time within crime types
(Andresen et al., 2017). Andresen et al. (2017) uses an “S-statistic” to quantify the degree of
spatial similarity between two spatially referenced datasets (See Andresen & Malleson, 2011)
that can be interpreted in a similar fashion as a bi-variate correlation. For example, a value of .80
means the two datasets are significantly similar in their spatial patterning. In their study,
Andresen et al. (2017) found that over a ten-year period (2003-2013) disaggregated crime types
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related to property crimes were routinely reporting an S-statistic > 0.90 when testing the
similarity of patterns from year to year. Though when considering homicides specifically, there
is some evidence to suggest that homicides may vary in their spatial patterning over time. For
example, a study examining the spatial patterning of homicides in Recife, Brazil, observed that
the number of street segments with a reported homicide dropped from 2.32% to 1.3% of all
streets, suggesting that the spatial patterning of homicides shifted over time because of the
increases in concentration of homicides at micro-places (Pereira et al., 2017). While these two
processes of concentration and spatial patterning are related, it appears that the concentration of
crime may be shifting crime patterns, and that this process may vary in its intensity across crime
types.
This smaller research body focused on the similarity in spatial patterning routinely finds
support for the concentration of crime at place and highlight the implications for the spatial
patterning of crime due to increased concentration at micro-places over time. One notable
example of this phenomenon comes from a 36-year study of homicide trends in ON, CA that
found over time that homicides became more concentrated and spatially dispersed (Harinam,
2020). For example, there were only 34 street segments with two or more homicides in the
period between 1967-1979, which accounted for 16% of all homicides. Between 1990-2003 the
number of street segments with 2 or more homicides increased by 300% (136) and accounted for
45% of all homicides, a drastic increase in concentration at micro-places. Harinam (2020) then
observed that while the concentration of homicides at micro-places drastically increased over
time, micro-clusters of homicide tended to disperse across the city rather than cluster in space.
One recent study by Hipple et al., (2019) is the only examination to date that has
specifically focused on the spatial overlap of fatal and non-fatal shooting hot spots. They found
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that less than 20% of all block groups could be categorized as both fatal and non-fatal shooting
hot spots. Further, they observed that a place-based policing strategy focused on the places with
the greatest number of fatal shootings may only be addressing 25% of the total number of nonfatal shootings. Sadler et al. (2021) observed several “non-fatal shooting islands” where there
were fewer than expected fatal shootings given the high level of gun violence in the area, but
generally found that when shootings increase overall, shootings are more likely to be fatal. While
they report distinct spatial patterns across the typologies, using the spatial point pattern test
developed by Andresen & Malleson, (2011), they found the patterns were not necessarily
statistically significantly related. This further highlights the disconnect between spatial similarity
and spatial concentration in terms of examining the spatial overlap of different crime hot spots.
More importantly, this study gives important insight into the likely composition of gun violence
hot spots and suggests it is unlikely that fatal and non-fatal shooting hot spots will occur in the
same micro-places. An important note, given the importance of stability of these trends, is that
this study only covered a 2-year period and has limited implications for the stability of the
observed relationships. Furthermore, by examining gun violence at the block group-level, the
spatial scale may also be covering important variation at the micro-level that the empirical
literature suggests is occurring (Braga et al., 2010).
It is unlikely that fatal and non-fatal shootings both concentrate at micro-places.
However, this limited research body has important implications for the study of gun violence.
First, that both shooting types are likely to concentrate at micro-places. Second, that the
composition of gun violence hot spots will likely vary within a single context. The composition
of hot spots has direct implications for the operational response by society to instances of gun
violence. Further, should fatal and non-fatal shootings hot spots fail to overlap at micro-places,
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gun violence prevention strategies must in turn acknowledge the unique social processes that
contribute to the generation of fatal and non-fatal shooting hot spots. Several studies in this
research body allude to the role that social disadvantage may play in the concentration of crime
at place (Lum 2011; Sherman et al., 1989; Weisburd et al., 2004), specifically in terms of
observed instability in the spatial patterning over time (Andresen et al., 2017; Hodgkinson &
Andresen, 2019).
3.3 Social Disadvantage and Collective Efficacy
There is robust evidence that suggests an association between neighborhood-level social
disadvantage explaining both between- and within-neighborhood variation in criminal activity.
In the following section, this dissertation outlines modern operationalizations of social
disadvantage measures associated with social disorganization theory at both the neighborhoodand micro-place unit of analysis. The empirical research literature supports the contention that
both neighborhood context as well as street segment measures of social disorganization have
direct effects on crime levels at micro-places, with important nuance. Specifically, while
concentrated disadvantage, residential instability and collective efficacy have consistent
relationships with crime, the empirical literature does not support the relationship between ethnic
heterogeneity and crime as proposed by traditional social disorganization theory (Shaw &
McKay, 1942).
The index that represents concentrated disadvantage was first introduced by Sampson et
al., (1997) but constructs relating to social disadvantage at the neighborhood-level have very
consistent direct effects on violent crime within the research literature (Pratt & Cullen, 2005).
Concentrated disadvantage refers to the extent to which neighborhoods contain populations of
socially disadvantaged groups including the proportion of residents that are unemployed, below
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18 years of age, below poverty, on public assistance, African American, and the proportion of
families that are headed by females (Sampson et al., 1997). While originally included within
concentrated disadvantage indices, the proportion of African American residents has since been
re-conceptualized as a separate construct within the neighborhood effects literature.
Given the unique experience of African Americans in the history of the United States,
many of the aspects of social disadvantage are highly correlated with people who identify as
Black (Land et al., 1990). In fact, Land et al. (1990) found that the proportion of Black residents
at several aggregated spatial scales is one of the most salient and consistent predictors of
homicide. Bursik & Grasmick (1993) note that Black Americans are often forced to live in
neighborhoods where the social context is that of disadvantage and facilitates delinquent
behavior and ultimately crime. Taken further, they note that Shaw & McKay (1949) had
previously acknowledged the unique circumstances that black youth develop within and the
importance of including race in examinations of neighborhood context to capture the effects of
segregation. As such, measures relating to the proportion of Black residents in each
neighborhood should be held as conceptually distinct when examining the relationship between
concentrated disadvantage and homicide rates.
Concentrated disadvantage has proven to be generalizable across many contexts within
the United States at the neighborhood unit of analysis (see Sampson et al., 2018 for a review).
Specific to the study of homicide, concentrated disadvantage and resource deprivation is
routinely associated with homicides (Becker, 2016; Graif & Sampson, 2009; Krivo & Peterson,
2000; Velez et al., 2003; Velez, 2009) and shooting incidents as well (Zebib et al., 2017). Social
disadvantage not only predicts violence and homicides but has been previously found to increase
the likelihood of the use of a firearm when committing crimes (Burgason et al., 2014) and
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condition the relationship between individual-level characteristics and offending likelihoods.
Concentrated disadvantage increases risk of future gun crimes and conditions the relationship
between aspects of the built environment and risk of gun crimes (Thomas et al., 2021). Similarly,
residential instability has been found to be a consistent predictor of violent crime (Jones &
Pridemore, 2019) and inversely related to shootings at micro-places (Magee, 2020). This
suggests that as posited by theorists, both structural barriers and un-relenting population turnover
inhibits the formation of social ties and collective efficacy that is crucial to controlling crime
rates.
Kubrin & Weitzer, (2003b) observed that retaliatory killings and social disadvantage go
hand in hand in urban areas. Indeed, homicides and more specifically, gun violence, has been
previously described as “contagious” due to the retaliatory nature of the phenomenon (Loeffler
& Flaxman, 2018; Morenoff et al., 2001; Kubrin & Weitzer, 2003b). Interpersonal conflicts may
start in one neighborhood, but the escalation and shooting could take place in nearby
neighborhoods because of the nature of social networks that are spatially diffuse (Cohen & Tita,
1999; Morenoff, 2001; Papachristos & Bastomski, 2018; Tita & Cohen, 2004). This group-based
process is inherently spatial in nature but has led researchers to include measures that account for
the spatial dynamics of gun violence. To this end, “spatial lags”, or measures of correlation
between dependent variable values between neighboring units (Anselin, 1995) have been
employed to address the error coming from unmeasured independent variables to improve model
performance (Kubrin & Weitzer, 2003; Messner et al., 1999; Morenoff et al., 2001). Without
addressing the spatial nature of gun violence, the results of examinations may be more likely to
commit Type 1 errors and biased estimates of effect (Messner et al., 1999). The relationships
between neighborhoods are an important aspect of social disadvantage to capture given previous
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work has reported that neighborhood-level disadvantage undergoes a similar diffusion process
that also influences violent crime patterns (Chamberlain & Hipp, 2015).
The empirical literature as it relates to ethnic heterogeneity runs counter to the proposed
theoretical relationships. Specifically, Kornhauser (1978) proposed that the linguistic diversity
that the influx of recent immigrants or minority populations that differ from the original residents
of neighborhoods will inhibit the formation of social ties and thus, the creation of informal social
control institutions. Based on this assumption, Sampson et al., (1997) assumed that measures of
ethnic heterogeneity, that consisted of the proportion of foreign born and Latino populations,
would be positively associated with crime. Instead, Sampson et al., (1997) provided further
evidence for the potential insulating effect on crime researchers have observed in neighborhoods
with relatively large proportions of foreign born and Latino residents (Adelman et al., 2017;
Ousey & Kubrin, 2018). This relationship also generalizes to the study of un-documented
immigrant populations influence on neighborhood crime rates (Light et al., 2018). In areas with
large influxes of recent immigrants, ethnic heterogeneity may counteract the effects of
concentrated disadvantage in generating homicide patterns (Velez, 2009). In fact, the greater the
influx of foreign-born families can further dampen crime rates in neighborhoods (Ferraro, 2016;
Martinez et al., 2008). In stark contrast, the expected relationship between collective efficacy and
crime has robust support within the empirical literature. Indeed, despite originally being
developed as a neighborhood-level construct, collective efficacy is increasingly being measured
and oriented towards explaining micro-level crime variation (Braga & Clarke, 2014; Weisburd et
al., 2014; Weisburd et al., 2020).
The orientation of social disorganization theory towards explaining micro-level crime
variation has led to several new operationalizations of collective efficacy. For example, measures
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of collective efficacy have been generated through operationalizing voter registration data
(Weisburd et al., 2014), rainwater catchment barrels (Wheeler, 2018) and certain indices of 311
calls (Magee, 2020; Uchida et al., 2013), making the study of the influence of collective efficacy
at micro-levels increasingly easy to measure. Weisburd et al., (2020) has argued, as has been
previously mentioned in Section 2.2, that collective efficacy as a neighborhood construct relies
on capturing the extent to which residents exhibit social cohesion and trust in the normative
functions of society, and that these social processes can also take place at the micro-level. The
empirical literature is largely supportive of this contention given the established importance of
collective efficacy levels at explaining micro-place crime variation (Magee, 2020; Weisburd et
al., 2012) and crime hot spot generation (Weisburd et al., 2020). While concentrated
disadvantage significantly and directly affects street segment level violent crime (Jones &
Pridemore, 2019), recent work has shown that micro-level collective efficacy will largely
mediate that relationship between concentrated disadvantage and micro-place shooting counts
(Magee, 2020).
The empirical research literature shows that neighborhood-level social disadvantage has a
direct relationship to micro-level gun violence variation yet may be mediated by micro-level
collective efficacy levels. In the following two sections, this dissertation will outline other forms
of place-based social disadvantage that do not have a distinct relationship to theoretical
constructs within the social disorganization or crime pattern theory traditions. However, as it will
be made clear, there are processes related to the societal response to gun violence that are often
influenced by the characteristics of areas in which they are operating. Furthermore, these
operational processes capture new forms of resource deprivation that routinely adversely
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influence the social outcomes of individuals and contextualize micro-places as part of a
constellation of public resources in which proximity has life or death consequences.
3.4 Proximity to Trauma Care and Gunshot Wound Mortality
Within the public health research literature there is a subset of studies that examine the
relationship between where individuals suffer traumatic injuries and their mortality rates.
Specifically, victims of traumatic car accidents who are injured farther away in terms of distance
or travel time to trauma care facilities are more likely to die of their wounds (Durkin et al., 2005;
Hsia & Shen, 2011). Recently, this phenomenon has been extended to include the study of
gunshot wound victims (Circo, 2019; Circo & Wheeler, 2020; Crandall et al., 2013; Crandall et
al., 2016; Hatten & Wolff, 2020) and has direct implications for the study of the spatial
patterning of fatal shootings. In the following section, this dissertation highlights the role of
proximity to trauma care in influencing the mortality of gunshot wound victims and how a lack
of proximity to trauma care creates places with higher rates of fatal shootings. This research
body also suggests that, often victims either reside or are injured in places of significant social
disadvantage (Avraham et al., 2018; Hsia & Shen, 2011), suggesting a link between the
characteristics of places and their proximity to trauma care. These studies provide the foundation
for examinations that include place-based dynamics that contribute to the creation of fatal
shootings and may explain their spatial patterning. However, despite the recent trend to examine
societal problems with clear criminal justice and public health outcomes at micro-places (Carter
et al., 2018; Weisburd & White, 2019), we have yet to study the place-based dynamics of fatal
shootings.
Proximity to trauma care has traditionally been examined through the lens of public
health researchers focused on explaining the rural and urban divide in mortality outcomes of
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traffic accidents. Within this literature, when rural residents incur traumatic injuries, they often
have longer response and travel times to trauma care facilities which leads to higher mortality
likelihoods (Durkin et al., 2005; Hsia & Shen, 2011). The lack of proximity to trauma care has
proven to be a robust predictor of mortality outcomes for victims of traumatic injuries (Bertoli et
al., 2017; Brown et al., 2017). This relationship between proximity to trauma care and mortality
likelihood has been extended to the study of gun violence with similar effects found across
examinations at different units of analysis (Circo, 2019; Circo & Wheeler, 2020; Crandall et. al.,
2013; Hatten & Wolff, 2020). One such study found that individuals who had suffered a GSW
had reduced likelihood of survival if farther than 5 miles away (Crandall et al., 2013), controlling
for the severity of the wounds.
Hsia & Shen (2011) state this issue as a matter of a lack of accessibility to trauma care
facilities, suggesting that a lack of proximity to trauma care is a function of place-based social
processes. Indeed, Hsia & Shen (2011) observed that 12% of the urban population in the United
States have no easy access to trauma care and that these places are often places of great social
disadvantage, specifically with high rates of minority families at near-poverty-level. Lack of
access to general medical care has been observed to increase the lethality of interpersonal
violence, particularly among impoverished minority groups (Doerner, 1983, 1988). Further,
older populations, particularly older victims of gun violence, are more likely to be subject to
longer mean transport times to trauma facilities and subsequently, higher mortality rates
(Wandling et al., 2016).
Highlighting the unique and relative urgent need for proximity to trauma care when
suffering a gunshot wound, Crandall et al. (2016) observed that in the event of a trauma care
facility closing gunshot wound victims experienced significant increases in mortality, while the
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overall rate of mortality from all traumatic injuries did not significantly change. The removal of
said trauma care facility, led to an increase in mean travel time via re-routing of patients and a
drastic increase in uninsured patients, suggestive that victims of gun violence were coming from
socially disadvantage areas (Crandall et al., 2016). Places that exhibit routinely longer transport
times to trauma care that result in higher rates of mortality among victims of gun violence are
often referred to as “trauma deserts” (Circo et al., 2019; Crandall et al., 2013). Conversely,
places with high rates of gun violence but with proximity to trauma care facilities will experience
higher proportions of non-fatal shootings and are referred to as “trauma oases” (Circo et al.,
2019). These studies further cement the role of place in the study of gun violence but also
highlight a new form of resource deprivation that is specifically related to and influencing the
spatial patterning of fatal shootings.
Proximity to trauma care facilities for victims of gun violence can be critical for survival
and in the aggregate, critical for communities that are the site of gun violence hot spots. Previous
research in this area suggests that proximity to trauma care for micro-places will significantly
influence the spatial patterning of fatal shootings. Put more plainly, residents of street segments
that are distant from trauma care facilities will routinely die at higher rates than their peersthough there has yet to be an examination of this phenomenon at the micro-level. Also missing
from this research body is the role that first responders, specifically police patrol officers, play in
the observed relationship between trauma care proximity and fatal shootings While proximity to
trauma care has a consistent relationship to gunshot wound mortality rates, it has been previously
suggested that police patrol, given their role in securing the scene and facilitating transport to
trauma care, may play an important role in the response to gun violence that is similarly
influencing the spatial patterning of fatal shootings.
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3.5 Role of Police Response on Health Outcomes
Past research contends that police patrol officers are essentially amateurs when the circumstances
of their work force them into activities that are un-related to the control of crime (Cumming et
al., 1965). Despite this characterization, police patrol officers are often chosen by policymakers
to respond to society’s ills, which is potentially problematic when the activity is outside the
realm of crime control. Despite the widespread understanding that patrol officers fill a variety of
roles in society, the role of police response has historically only examined in relation to crime
control-related outcomes or how the characteristics of places may influence police response.
However, there is a growing research body examining the outcomes associated with police
officers in their role as first responders. In their role as first responder to incidents of all types,
police officers effectively bridge the gap between the criminal justice and public health systems.
Specific to this dissertation, there is limited evidence that suggests police response is potentially
critical to understanding the spatial patterning of fatal shootings and why some places are more
deadly than others.
Within this research body, police response has been observed to have a limited effect on
reducing crime (Lum et al., 2011; Skogan & Frydl, 2004). Rapid police response is routinely
associated as part of the “standard model” of policing, along with the random patrol of
neighborhoods and investigation of crimes by detectives (Lum et al., 2011). Decreasing the time
from receiving a call for service and the arrival on scene was originally proposed to increase onscene apprehension and subsequently reduce crime via incapacitation. However, studies have
found that the time it takes it report crimes often nullifies any effect that rapid response may
have on the apprehension of offenders (Kelling et al., 1974; Spelman & Brown, 1981), though if
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in the early stages of offending likelihood of apprehension via rapid response may have an
impact on apprehension success rates (Coupe & Blake, 2005).
Coupe & Blake (2005) further found that lower police response times were more likely to
result in on-scene apprehension of suspects and increased the likelihood of identifying and
collecting important investigative evidence, but their mean response times were much lower than
in previous studies. For example, results from the Kansas City Rapid Response study state that
the likelihood of on-scene arrests for part one crimes (as per the Uniformed Crime Report)
significantly drops off for cases where the response times were 7 minutes or above. Spelman &
Brown (1981) in their partial replication of the Kansas City Preventative Patrol Experiment
similarly reported a 5-minute threshold for success in the on-scene apprehension of offenders.
Coupe & Blake (2005) reported mean response times to burglary incidents between 1.3 to 1.8
minutes, dependent on whether the patrol officer was coming from a previous scene or was
previously uncommitted but already in the field. Due to the limited effect of rapid response on
crime rates and the necessity for routinely minimal response times to produce such an effect,
Skogan & Frydl (2004) suggest that as a general organizational policy, rapid response may be a
misallocation of resources. However, they suggest that if rapid response were to be focused on
emergency situations where citizens are injured, there may be a societal benefit. While rapid
response time may not influence whether the offender is apprehended on scene, it may reduce the
mortality likelihood of the victims of gun violence.
One significant limitation of the evidence within this research body is the use of proxies
rather than directly measuring police response time. For example, Cihan (2013) using Computer
Aided Dispatch (CAD) data and measured police response time as the difference between when
an officer responds to a call for service by dispatch and when an officer reports their arrival on
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scene. Such a measure would be subject to all the errors associated with self-reported data and
potentially lack validity in terms of the estimated relationships to their outcome variables of
interest. Considering this issue, studies like Coupe & Blake (2005) removed cases where upon
review, officers could not recall their location at the time of the call or activity logs were
incomplete.
Despite the limited evidence for police response on crime control there is a growing
research base that suggests that police officers in their role as first responders are positively
influencing the health outcomes of vulnerable populations. Indeed, in the public health field
there is a growing literature that has examined and found important associations between a police
officer’s response and the mortality likelihoods of individuals suffering from injuries or disease.
For example, when police are trained in the use defibrillators, this decreases the mortality
likelihoods of individuals that suffer cardiac events and increases their likelihood of subsequent
hospital discharge (Krammel et al., 2015). Similarly, merely by increasing the number of
individuals trained to identify and respond to cardiac events, mortality rates from heart attacks
will drop (Atkins, 2012). Perhaps most notably, police officers, among other first responders,
have been called upon to administer naloxone to individuals suffering opioid overdoses in the
field to notable decreases in mortality likelihoods (Davis et al., 2014; Walley et al., 2013).
In the context of the current dissertation, police patrol officers, in their role as first
responders, are hypothesized to influence the post-incident mortality outcomes of shooting
victims. Generally, police officers are responsible for the initial response to firearm events which
includes securing the crime scene for fellow first responders. These first responders, often
firefighters and emergency medical technicians (EMT) will then start the process of transporting
the victim to trauma care facilities (for one notable exception where police provide transport see
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Band et al., 2014). In places with a lack of easy access to police patrol due to a lack of proximity,
police response time may routinely increase the mortality likelihood of residents that are
victimized by gun violence. Routine inaccessibility of micro-places to police response creates, in
the aggregate, areas where non-fatal shootings become fatal. One recent study has found support
for the role police response in influencing where gunshots turn fatal (Hatten & Wolff, 2020).
Hatten & Wolff (2020) found that the farther a gunshot wound victim was from trauma
care, the more likely that victim would die of their wounds, controlling for the location of the
wound. In the full model, that included an estimated measure of first responder response time,
the relationship between victim mortality and trauma care became non-significant, while first
responder response remained positively associated with victim mortality, suggestive of a
mediating relationship. Hatten & Wolff (2020) estimated that for each additional minute in travel
time for a first responder to arrive on the scene there was a significant associated increase in
gunshot wound mortality by 13%. However, this study was victim-level and wound severity was
found to be the most salient association to mortality likelihood and first responder categories did
not parse out for the individual measure of police response. Further, this study relied on proxies
for the relationship between police response and gunshot wound mortality. Hatten & Wolff
(2020) estimated first responder response by the nearest police precinct or firehouse location to
the incident. Regarding the use of police precinct locations as proxies for the actual location of
patrol officers, in addition to responding directly from the police precincts, police often respond
from previous calls or are unassigned and already in the field. In fact, responding from the police
precinct is only more likely when workloads are relatively low and leads to longer response
times, suggestive the measure was overly conservative (Coupe & Blake, 2005). Hot spots
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policing tactics may also influence response time, as gun violence hot spots are likely the subject
of routine proactive patrol, possibly further reducing the response time.
While police response time may have a limited influence on the crime control capacity of
police officers, recent research suggests that the role of police response time should be
broadened to include other social outcomes. Police officers in their role as first responders are
increasingly being shown to improve the health outcomes of residents that they serve. This
research base, while still developing, provides important foundation for the hypothesized
relationship between police response time and gunshot wound fatality. Police organizations, in
acknowledging this role that their officers play in micro-community outcomes, may be able to
re-orient their services to further address and mitigate the adverse effects of gun violence.
3.6 Crime Generators and Attractors
In this final section, this dissertation outlines key empirical findings from the crime pattern
theory research base. Researchers routinely find a relationship between the type of facility found
at micro-places and crime risk, highlighting the need to include key features of the
environmental backcloth when examining the variation in crime across micro-places. For
example, nodes like bus stops increase crime risk, whereas areas with greater street lighting
coverage will exhibit lower crime risk. The existence of either type of facility will influence the
level of crime activity on a street segment and subsequently the spatial patterning of crime
incidents. Often, this literature reports a complex interaction between the sociodemographic
characteristics of micro-places and facilities.
Bernasco & Block (2011) conducted a study focused on explaining micro-place variation
in Robbery counts in Chicago, IL over a three-year period and reported robust support for the
role of CGA’s. For example, they found that street segments that contained at least one CGA like
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a bar, restaurant, liquor stores or grocery store report significant increases in robbery counts. In
addition, there was often an interplay between the sociodemographic characteristics of street
segment and facilities, suggestive of the need to account for both social disorganization and
crime pattern theory-informed constructs when explaining crime levels. For example, CGA’s on
street segments within block groups characterized by high poverty levels had further increased
robbery counts. The presence of elevated levels of poverty and vacant properties in communities
increase risk of violence (Valasik & Martinez, 2019). This relationship is so prevalent that
municipal governments have taken to demolishing vacant properties as a new crime reduction
strategy (Chen & Rafail, 2020). For example, Spader et al. (2016) found that increases in
demolition activity across three cities reduced the number of burglary and theft, city-wide.
Land use is important to understanding the spatial patterning of crime (Weisburd et al.,
2012), but there are specific features of micro-places, like the level of visibility or the condition
of street lighting at micro-places that can influence crime. For example, a Campbell Systematic
Review on the relationship between improved street lighting and crime, found that improved
street lighting, which results in greater visibility, reduces crime (Welsh & Farrington, 2008).
Improved street lighting may also increase community investment and subsequently, the
development of informal social control institutions that can address crime problems. This same
review contained a study on the influence of street lighting on crime conducted in Kansas City,
MO in 1974 that found improved street lighting reduced nighttime violence. A recent study has
provided a bit of nuance as the role of street lighting on crime by finding the effect may not be
consistent across crime types. Davies & Farrington (2020) suggest that the decreased visibility
that results from turning off lights may reduce violence but increase burglary and motor vehiclerelated crimes. In the former case, decreased visibility may have deterred residents from going
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outside and interacting, in the latter case, decreased visibility provided cover for illicit activities.
In a study of communities in the Northeast of Brazil, increased electricity coverage and lighting
capacity significantly decreased homicide rates (Arvate et al., 2018), suggesting that some
portion of interpersonal violence requires the protection that nightfall provides, likely to escape
capture more easily.
CGA’s are crucial to understanding the concentration of crime at micro-places due to
how they act as nodes within the street network. Often CGA’s are the cause for why some street
segments are more travelled than others, and thus have higher crime rates. For example,
community parks are known drivers of criminal activity, but this relationship is at least partially
conditioned by the features of parks. For example, Groff & McCord (2012) state the presence of
play fields and courts may partially insulate park users from victimization due to the existence of
team-based sports that require community social ties and bring about natural surveillance of the
place. Boesson & Hipp (2018) find that street segments adjacent to or contain a park experience
over 15% more incidents of aggravated assault. They propose the sociodemographic
characteristics of the places surrounding the park partially influence this relationship. For
example, neighborhoods with parks with greater numbers of young people (aged between 16-29)
further increase crime risk. However, Gerell (2018) states that parks may provide a protective
effect to bus stops whose routes are nearby, finding reduced incidents of violence relative to bus
stops in other areas.
Bus stops are an increasingly important feature of the built environment to account for
when examining the spatial patterning of crime. As they are part of the larger transportation
network, they are the confluence of much social activity and are places where interpersonal
conflict is more likely due to their role of connecting less physically proximate communities
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together. For example, bus stops increase the risk of violence, and this relationship intensifies in
communities with low levels of collective efficacy (Gerell, 2018). Szkola et al. (2019) find the
increased risk of robbery that bus stops pose is stable over time. Further, adding more bus stops
along a route will increase risk of street robberies and conversely, removing them decreases risk
street robberies in the surrounding areas (Liu et al., 2020). Gerell (2018) also reports that schools
significantly increased risk of violence at bus stops. Schools were a somewhat consistent
predictor of assaultive crimes across 2 out of 3 cities in a study conducted by Connealy (2020).
Cumulatively, the results of these studies display a complex system of human interactions that
when taken together explain how people move throughout and spend their time in cities, and the
implications these choices have on crime activity. Often many of these nodes and environmental
characteristics display both direct and interactive effects that allow for predictable changes in
crime activity at micro-places.
3.7 Chapter Summary
In the previous chapter, empirical work was reviewed concerning the role geography, social
disadvantage, the characteristics of micro-places play in influencing micro-level gun violence
variation. The constructs and measures involved in this work is largely informed by the
theoretical frameworks discussed in Chapter 2 and provide strong evidence for the place-based
nature of gun violence. Micro-unit variation in fatal and non-fatal shooting counts may be
associated with aspects of social disorganization at both the neighborhood- and street segmentlevel as well as the presence of risky facilities. Important public resources like police and trauma
care facilities may also play a role in determining the spatial patterning of fatal and non-fatal
shootings through their association with gunshot wound mortality. These research bases provide
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initial evidence to suggest that fatal and non-fatal shootings will concentrate at micro-places,
though to differing extents, but will fail to co-locate at micro-places.
3.8 Current Study
This multi-faceted study of fatal and non-fatal shootings has three main components that seek to
understand the similarities and differences in spatial patterning among fatal and non-fatal
shootings, but also the relationships between these patterns with place-based correlates. The
empirical literature suggests that fatal and non-fatal shootings will both concentrate at microplaces and further generalize the LOCC, however, an examination of spatial concentration that
discerns between whether a shooting was fatal or non-fatal has yet to be conducted, despite the
call for nuance within crime categories when generalizing the LOCC (Weisburd, 2015). Further,
while the overlap of different crime types has been examined previously as in Haberman (2017),
the overlap of different shooting categories has only been conducted at higher units of
aggregation with no statistical test of overlap provided (Hipple et al., 2018). Theoretical
literature suggests that the same social forces and historical levels of social disadvantage will
create places where all crime types are more likely to concentrate. The limited empirical
literature does not directly refute this claim but does suggest that micro-place hot spots will vary
in their crime type composition, and this is likely the case for fatal and non-fatal shootings when
considering the findings from the public health literature. Specifically, that the more
geographically dis-located a victim is from trauma care or first responders, the likelihood of
gunshot wound mortality increases, even when controlling for important individual-level factors
like severity. This dissertation seeks to fill these gaps in the empirical literature and provide
nuance to our understanding of the ways that social forces contribute to difference in health
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outcomes related to gun violence that directly influence the spatial patterning of fatal and nonfatal shootings.
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Chapter 4: Dissertation Methodology and Design
4.1 Study Setting
Kansas City is the largest city in the midwestern state of Missouri. The U.S. Census Bureau1
estimates Kansas City, MO having 495,327 residents with a population density of 1,459 residents
per square mile. According to the most recent American Community Survey (ACS 2015-2019)
Black and Hispanic residents comprise 28.2% and 10.6% of the population, respectively. A small
proportion of the residents of Kansas City are foreign born (8.2%) and 12.4% of residents report
speaking a language other than English at home. The median household income among residents
is $54,194 and 35.2% of residents have a bachelor’s degree compared to 29.2% state-wide.
53.3% of all housing units are owner-occupied and 81.5% of residents were living in the same
home for over a year.
Violent crime in Kansas City, MO has been steady over the last ten years with a slight
uptick more recently. See Figure 1 below generated by the Federal Bureau of Investigation (FBI)
Crime Data Explorer tool that displays this upward trajectory.
Figure 1: Kansas City, MO – Violent Crime Counts – 2015-2019

1

https://www.census.gov/quickfacts/fact/table/kansascitycitymissouri,US/PST045219
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In 2019, 73% of violent crimes were perpetrated by men with 54% of all violent crime occurring
at the residence of the victim and 21% of incidents occurring on alleys, highways, and streets.
There were 141 reported homicides in 2019, a 6.8% increase from the year before (132
homicides reported in 2018). Homicides were primarily perpetrated by men (72%) and victimize
men (80%), in similar circumstances as violent crime in general2.
4.2 Unit of Analysis
There are two units of analysis used in this dissertation, the street segment and census tract. Of
primary importance is the street segment as it is how this dissertation operationalizes and
measures activity and characteristics of “micro-places”. Street segments are defined as “two
block faces on both sides of a street between two intersections” (Weisburd et al., 2004). Street
segments have been routinely validated as appropriate measures for micro-places and reported to
capture the greatest amount of spatial variability in crime while still being substantively useful
(Schnell et al., 2017; Steenbeek & Weisburd, 2016; Weisburd, 2015; Weisburd, et al., 2014).
2

Data collected from UCR Data Explorer tool found at https://crime-dataexplorer.app.cloud.gov/pages/explorer/crime/crime-trend
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While the greatest amount of spatial variability of crime incidents has been found among
addresses in previous studies, this unit of analysis is improper for the study of micro-places due
to the additional sparsity that addresses would create in terms of spatial concentration but also
the coding errors associated to using ranges to interpolate points to addresses rather than streets
(Weisburd, Groff & Yang, 2012). Indeed, street segments have been found to provide minimum
coding errors and strike a balance between addresses and neighborhood (Weisburd 2004;
Sampson 2012). In this analysis, some street segments will be omitted, like highways or
interstates due to the lack of human activity on them making them unsuitable for inclusion
(Magee, 2020). All street segments that span more than one census tract will be assigned to the
census tract wherein the centroid of the street segment falls (Magee, 2020). There are 33,821
street segments in Kansas City, MO included in the analysis with an average length of 522 feet
(after highways and interstates are removed).
Census tracts represent community-level or “neighborhood”-level sized units. Census
tracts have been routinely validated as appropriate proxies representing neighborhood-level
constructs of social disorganization within the empirical evidence-base (Jones & Pridemore,
2019; Magee, 2020; Sampson et al., 1997). Census tracts are ideal neighborhood proxies due to
their size but also the relative homogenous populations that allow for the examination of
association between neighborhood characteristics and social outcomes of interest. Due to the
geography of Kansas City, MO, census tracts used within this dissertation were assigned from
four counties in Missouri including, Cass (5), Clay (34), Jackson (142), and Platte (17) counties.
On average, census tracts contain 180 street segments.
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4.3 Fatal and Non-fatal Shooting Dataset
Fatal and non-fatal shooting data was provided by Kansas City Police Department (KCPD) as a
part of an ongoing NIJ-funded ShotSpotter study. Gunshots create penetrating wounds that in
most cases necessitate immediate transfer to trauma care given the baseline severity of suffering
such a wound (Crandall et al., 2013; Lale et al., 2017). Once incidents are identified as either
fatal or non-fatal shootings, each typology will be broken up by year to be spatially joined to
street segment units for later analyses. This will result in a longitudinal dataset initially
composed of 33,821 streets with a unique identification variable (Unique ID) and ten subsequent
variables representing the yearly count of fatal and non-fatal shootings (in separate measures)
over the 5-year study period (2015-2019).
4.4 Generalized Lorenz Curves and Gini Coefficients
To measure the concentration of fatal and non-fatal shootings at micro-places in Kansas City,
MO this dissertation employs the use of generalized Lorenz Curves and generalized Gini
Coefficients (Bernasco & Steenbeek, 2017). Originally developed by economists to investigate
and visualize income inequality, these techniques have been increasingly used to address the
concentration of crime at micro-places within the criminological literature (Bernasco &
2erSteenbeek, 2017; Bowers 2014; Carter et al., 2018; Davies and Johnson 2015; Johnson 2010;
Johnson and Bowers 2010; Steenbeek and Weisburd 2015). One benefit of this combined
technique is the results are easily interpretable and do not rely on arbitrary cut-offs for the
presenting of results (Bernasco & Steenbeek, 2017). Generalized Lorenz Curves are simple and
intuitive plots and Generalized Gini Coefficients are presented as a single relative measure of
crime concentration whereby a value of 0 represents the complete equality (equal distribution of
crimes across all places) and 1 represents the concentration of all crimes in a single place.
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This dissertation will specifically employ the generalized version of both Lorenz Curves
and Gini Coefficients as per Bernasco & Steenbeek (2017) given the sparse nature of shooting
incidents across micro-places and the likelihood that micro-places will outnumber the number of
shootings, making perfect equality of crimes across places logically impossible. Generalized
Lorenz Curves are plots that visualize the cumulative percentages of crime (increasing along the
y-axis) against the cumulative percentage of places (increasing along the x-axis). Each x/y
position along the plotted line can then be interpreted as “Y percent of crimes occur at X percent
of places” for a given study area. In the original formulation of Lorenz Curves, in addition to the
plotted line that represents the observed distribution of crimes across places, a separate line is
plotted with a slope that represents perfect equality of crimes across places. In the generalized
form, Lorenz Curves further estimate a line of “maximal equality” that represents the maximum
possible equal distribution of crimes across places given the ratio of units to crimes. The line of
maximal equality is plotted as the slope of the number of places/the number of crimes, rather
than the perfect equality line that assumes one crime for each place.
Gini Coefficients represent the ratio of the area between the plotted Lorenz Curve and the
line of perfect equality and the area above Lorenz Curve. In the generalized form, Gini
Coefficients represent the ratio of the area between the Lorenz Curve and the line of “maximal
equality” rather than perfect equality to the area above the Lorenz Curve. In either case, the
denominator is the same for a given Lorenz Curve (the area above the Lorenz Curve). By using
the line of maximal equality, the estimates of crime concentration will be more conservative
because of acknowledging that perfect equality is impossible and that baseline estimates of
concentration were being artificially increased due to the sparse nature of the data. More
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conservative estimates will lead to a more valid estimates of concentration of fatal and non-fatal
shootings by comparing the observed distribution to a more accurate counterfactual.
Below is an example of the Generalized Lorenz Curve with both lines of maximal and perfect
equality. In this example generated from a Vignette3 prepared by Bernasco & Steenbeek (2017),
5 events are unequally distributed across 10 places (one place with 3 events, 2 places with 1
event, and the remaining places have no events) for an example mirroring the sparse nature of
shooting incidents.
Figure 2: Example of Lorenz Curve

As displayed in the above plot, there is a drastic difference between the line of maximal equality
(the finer dotted line) and the line of perfect equality (dashed line). By instead considering the
line of maximal equality, the area between the line that represents equality across places and the
observed distribution shrinks considerably. As a result, the Generalized Gini Coefficient (g1
=0.70) is much smaller and indicates less concentration of crime at micro-places than the
standard Gini Coefficient (g1 =0.87).

3

https://htmlpreview.github.io/?https://github.com/wsteenbeek/lorenzgini/blob/main/doc/lorenzgini.html
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Using a longitudinal dataset consisting of 5 years of fatal and non-fatal shooting data,
separately aggregated to the street segment level, this dissertation will generate year-by-year
measures and visualizations of the degree to which shooting crimes are concentrated in place. By
examining this issue longitudinally, this dissertation can also speak to the stability of the
observed concentrations that was lacking in previous examinations (Hipple et al., 2018).
Examinations of each year for each crime type will produce a total of 10 Lorenz Curves and Gini
Coefficients. The five Gini Coefficient values will be then described in a table creating a
“bandwidth” or range of values that speaks to the stability of these crime concentrations over
time (Weisburd, 2015). The narrower the bandwidth, the more stable the concentration of crime
in place. Finally, the lorenzgini package also allows for the calculation of 95% confidence
intervals for the results via a combination of a Monte Carlo simulations and “bootstrapping”
procedure.
This dissertation will employ 1,000 Monte Carlo simulations to ensure the results of the
estimated Gini coefficients that was previously not included in the original paper that introduced
the generalized approach (Bernasco & Steenbeek, 2017). The inclusion of additional simulations
includes the development of a reference curve in a similar manner to Johnson & Bowers (2010)
in their examination of micro-place burglary concentrations. This dissertation employs Monte
Carlo simulations to determine whether the observed distribution varies from a randomized
Poisson distribution of incidents across micro-places. Bootstrapping is a resampling method with
replacement used to estimate the sampling distribution of the Gini coefficient values generated
by the 1,000 Monte Carlo simulations conducted during the analysis. The inclusion of the
bootstrapping procedure then allows for the creation of 95% confidence intervals to provide
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further nuance to the Gini coefficient estimates. All Gini Coefficient estimates across shooting
types and years will be then aggregated into a dataset for examination.
To determine whether fatal and non-fatal shootings are equally concentrated across
micro-places, generalized Gini coefficients for each year and each shooting type will be
aggregated into a dataset to assess whether the values are significant different across shooting
types. Each observation (or row) represents the observed Gini coefficient estimate (10 total).
Then three columns representing, the year of the observation, the Gini Coefficient values and a
final column designating shooting type. For example,
Table 1: Example Table for Gini Coefficient Results
Year

Gini Coefficient Value

Shooting Type

2019

.8

Fatal

2019

.78

Non-fatal

An independent samples T-test using Stata 15.0 determines whether the mean Gini Coefficient
values are significantly different between shooting types. Generalized Gini Coefficients will then
compare from visually, year-to-year, by generating confidence intervals for each shooting type
based on the results of the analysis to determine whether the differences in observed
concentration are true differences. Given the few observations, there is little statistical power to
find significant relationships, but the confidence intervals are likely to be wide to ensure the
differences are true differences from year to year.
4.5 Hot Spot Spatial Overlap Examination
This dissertation examines the spatial overlap of fatal and non-fatal shootings in a two-step
process. In addition to using longitudinal fatal and non-fatal shootings dataset initially developed
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to address research question one, the spatial overlap test will include an additional micro-place
hot spot unit known as “aggregated hot spots” derived from a Hierarchical Nearest Neighbor
Cluster (HNNC) Analysis. Much like in Haberman (2017), the incorporation of both units of
analysis will help bolster the validity of the findings and ensure that the relationship between
fatal and non-fatal shootings were an artifact of how the data was aggregated and thus, subject to
the modifiable areal unit problem (MAUP). After the creation of the additional longitudinal
dataset, this dissertation employs two strategies to quantify the relationship between counts of
both fatal and non-fatal shootings at micro-places. This analysis includes a Spearman’s Rank
Order Correlation test and the development of a Gibbs-Martin Heterogeneity index (Gibbs &
Martin, 1962). The former will rank micro-places based on how the observed shooting counts of
either type occurred in each year or compare the rankings across all micro-places for similarity.
The Gibbs-Martin heterogeneity index will describe the degree to which counts of shootings are
concentrated in either shooting category across micro-places, a slightly different test of colocation that does not employ a ranking procedure but will help to ensure the validity of the
results.
Following the examination of shooting counts at micro-places, this dissertation
undertakes a descriptive analysis where concentrations of gun violence at micro-places are
operationalized as hot spots, identified in three separate ways. The objective is to produce a table
that presents the breakdown of crime types per hot spots across the three different classification
schemes. This table will report the number of units that were classified as either both or a single
hot spots type (as well as the number of non-hot spots) for each of the five years creating another
sort of bandwidth measure to show the stability (or lack thereof) over time. This further
descriptive analysis will provide nuance to the statistical relationships observed in the first step
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of the process and result in a robust understanding as to the shooting type composition of gun
violence hot spots.
Hierarchical Nearest Neighbor Cluster Analysis
To bolster the validity of the spatial overlap test, this dissertation will employ a point pattern test
to create an additional unit of analysis that does not rely upon street segments as the unit of
analysis. Instead, this dissertation will create a micro-place hot spot unit shaped by the data itself,
organically. Specifically, this dissertation will conduct a Hierarchical nearest neighbor clustering
(HNNC) analysis using CrimeStat (IV) for each shooting type that will iteratively group points
that are closer than a certain user defined distance and eventually create convex hulls around
clusters for each shooting type (Levine, 2015). These groups of points are defined as “firstorder” clusters that aggregate up to “second-order” clusters and represent the boundaries
surrounding points that are closer together than a random distribution would suggest. The HNNC
algorithm will continue to pair incidents and attempt to cluster all orders of clusters into larger
aggregations until eventually, the algorithm fails.
Ultimately, this process results in polygons that represent discrete areal representations of
hot spots, creating a new unit of analysis that is primarily mathematically rather than user
defined. However, CrimeStat’s HNNC analysis requires the user enter parameters to define the
measurement and identification of hot spot crime clusters. They are as follows:
1. Minimum threshold distance for cluster definition
2. Minimum number of points for cluster definition
3. Output cluster polygon type
As per Haberman, (2017) the minimum threshold distance was set to the random nearest
neighborhood distance with a p-value <.05 for each shooting typology. The mean random nearest
neighbor distances for fatal shootings ranged from 2625ft to 3418ft or approximately 4 to 6 street
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blocks, given the average street block in Kansas City, MO was 522 feet. Mean random nearest
neighbor distances for non-fatal shootings was between 922ft and 1028ft, or just less than 2
street blocks. The minimum number of points for a cluster to be defined was set to 5 as
Haberman (2017) notes, this is the threshold for police organizations to determine a place a hot
spot for a given crime type. The resulting polygon boundaries for each shooting type will be
confirmed by specifying 1,000 Monte Carlo simulations be conducted and further confirm that
the resulting polygon boundaries were significantly different than what would be produced by
chance. Following Haberman (2017), the output polygon’s will be convex hulls. Figure 3 below
is an example of those aggregated hot spot units generated for 2015.
Figure 3: Example of Aggregated Hot Spot Units (2015)

*Thick black line represents City Boundaries. Gray Lines represent U.S. Census Tract
Boundaries. Lime green polygons represent Aggregated Hot Spot Unit Boundaries.
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Once HNNC’s are identified for both shooting types for each year, these new units will
be combined to create the “aggregated hot spot” unit of analysis for each year of the study. These
aggregated hot spots will represent all the identified hot spots and include information for
whether they were previously fatal, non-fatal, or both type of shooting hot spot before
aggregation. Finally, a new spatial join for each of the five years of both fatal and non-fatal
shooting incidents will be conducted to create a new longitudinal dataset with the aggregated hot
spots as the unit of analysis. This allows for the HNNC units to be included in the bi-variate
statistical analysis as an additional operationalization of micro-places to ensure the robustness of
the co-location estimates.
Assessing the Co-location of Fatal and Non-fatal Shooting Counts at Micro-places
The first step of the analysis involves calculating the Gibbs-Martin Heterogeneity Index (GMI)
for each street segment as an initial test of co-location of fatal and non-fatal shootings at microplaces. The GMI calculates a value that represents the observed distribution of values across
nominal categories. In this instance, these categories are fatal or non-fatal shootings, and the
values are counts at street segments. GMI values were then converted to Dominance Index
values (1-GMI) which also range from 0 to 1 but offer easier interpretability. Dominance Index
values closer to zero suggest shootings at each street segment are concentrated in a single
category and values closer to 1 representing a more equal distribution (higher diversity) across
shooting types at micro-places. This analysis was conducted for each year of the study and the
mean values across micro-places within years will be reported in a table for examination. For
example,
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Table 2: Example Table for GMI/Dominance Index Results
Year

Mean GMI

Min.

Max.

2019

.60

.30

.80

2018

.59

.31

.79

The next step in the analysis plan involves conducting a series of Spearman Rank
Correlation tests to determine whether fatal and non-fatal hot spots are co-located. Spearman’s
Rank order correlation test is a statistical test of association between non-normal variables (e.g.,
count) and used here to examine the bivariate relationship between fatal and non-fatal shooting
counts at street segments using the Hmisc package in R (version 3.6.5). In terms of the
dissertation, these Spearman’s correlation test will report a spearman’s correlation coefficient
that will represent the extent to which fatal and non-fatal shootings co-locate at street segments.
Spearman’s Rank correlation test is routinely used to examine bi-variate relationships
among non-normal variables and for this reason, ideal for assessing the relationship between
fatal and non-fatal shooting counts (Haberman, 2017). Spearman’s correlation test provides an
easily interpretable measure of the degree to which the rank-order value of each variable for each
unit for a given dataset is similar. For example, each street segment unit is given a rank-order
value for each of the variables in question that is relative to the larger population for each
variable. In this case, the rank-order value is based on the count of fatal or non-fatal shootings.
When interpreting Spearman’s correlation coefficients, then, the more similar the fatal and nonfatal shooting counts are at a given street segment, the more likely their rank will be similar, and
the closer the coefficient will be to 1. For a more precise example, if for the entirety of the
dataset the crime counts for fatal and non-fatal shootings led to the exact same ranking within
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their measures, the value would be 1. Conversely, should fatal and non-fatal shooting counts and
thus, rankings, be completely dissimilar, the coefficient will be closer to -1.
Both measurement strategies differ in their approach in examining the co-location of both
shooting types at micro-places and each has its strengths. The GMI/Dominance Index is
calculated for each individual unit in the analysis and thus, can identify for each street segment
whether shooting types of both categories are present in equal numbers, a more granular
assessment of co-location. Calculating the GMI/Dominance Index for each street segment allows
for more flexibility for future analyses. For example, one could create a classification scheme for
GMI/Dominance Index values, label street segments accordingly, and then analyze their spatial
patterning. Spearman Rank Correlation Test calculates a single value that can speak to the
strength of any observed correlation across the entire dataset. This strategy also standardizes the
counts across shooting types to provide estimates of co-location that are not skewed by large
differences in the absolute values across shooting types as observed here4.
Hot Spot Identification Strategy
In addition to the creation of the GMI and statistical tests, this dissertation undertakes a
descriptive analysis to further investigate the spatial overlap of fatal and non-fatal shootings. To
do so, this dissertation operationalizes micro-level crime concentrations as “hot spots” and
employs a robust hot spot identification strategy to describe the extent to which micro-places
could be categorize as both fatal and non-fatal shooting hot spots. The first two hot spot
identification strategies are based on crime counts at the street segment-level (Top 99% for crime
counts and the Top 120 segments in terms crime counts). It has previously been noted by
Haberman, (2017) that the choice of spatial scale for analysis may influence the results of any
4

These measures are bi-variate and do not account for other factors that could drive the association between F and
NF shootings, as will be explored more thoroughly in the multi-level regression analysis in Chapter 7. These
measures of co-location are also not inherently spatial in nature but are measured at discrete spatial units.
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examination of crime counts, known as the Modifiable Areal Unit Problem (MAUP). Therefore,
this descriptive analysis will also include the aggregated hot spot units and display the extent to
which the units are distinctly fatal or non-fatal shooting hot spots, and which are both.
To identify the Top 99% of street segments in terms fatal and non-fatal shooting counts,
the mean and standard deviation of the counts will be generated for each street segment. Those
street segments that exhibit counts that are at least 3 standard deviations higher than the mean
will be identified as a hot spot. This process will be repeated for both fatal and non-fatal shooting
counts, separately, for each year. This will create three binary variables that designate what type
of shooting hot spot a given street segment could be categorized. These categories include, nonhot spot, fatal hot spot, non-fatal hot spot, and both fatal, non-fatal hot spot. This identification
strategy assures that only the most active micro-places in terms of shootings of either type are
included in the analysis.
The second hot spot identification strategy is informed by practical concerns and will
designate street segments as hot spots if the count of fatal or non-fatal shootings placed them
within the Top 120 in terms of number of shootings. There has yet to be a hot spot policing
evaluation that identified more than 144 street segments as a hot spot for any crime type
(Connealy, 2020) and a policing strategy that had more than 120 micro-places to focus on may
be too diffuse to be effective as per the evidence-based policing matrix (Lum et al., 2011). The
result of this categorization scheme will be another three variables designated whether a street
segment is either a fatal shooting, non-fatal shooting, both shooting type hot spot and not a hot
spot. The aggregated hot spot units, having already been identified as hot spots, will then be
described in terms of the categorization of each unit. Specifically, the resulting table will report
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the breakdown the hot spot classification of each unit as it had been previously identified (before
being aggregated).
The descriptive analysis will be able to identify the type of hot spot each street segment
could be designated. This process is similar for the aggregated hot spots, except for there will be
no units that are neither fatal nor non-fatal shooting hot spots given each unit is a previously
identified hot spot. Instead, it will contain a breakdown of the extent to which each unit is either
a fatal or non-fatal hot spot or a hot spot of both shooting type.
4.6 Multi-level Modelling of Shooting Typologies
The final section of the analytical plan features a series of multi-level regression models testing
the relationship between the place-based factors that likely influence whether shooting incidents
turn fatal. Specifically, this dissertation examines the relationships between neighborhood-level
disadvantage as well as micro-level characteristics of street segments on micro-level fatal and
non-fatal shooting counts, separately. Models with fatal shootings as the outcome variable will
include the number of non-fatal shootings as a control variable, and vice versa. This plan ensures
that either shooting type are not being neglected during the exploration of place-based correlates
to gun violence and incorporates a measure of the intensity of the gun violence problem at each
street segment for greater comparability across units. By running the same models with non-fatal
shooting counts as the outcome variable of interest, this dissertation tests for whether the same
relationships found between fatal shooting counts hold when examining non-fatal shooting
counts. This is a further test of whether the same contextual and micro-level processes are
influencing both shooting types in a similar way and may be able to provide further nuance as to
whether they are indeed separate crime types related only in the use of the weapon.
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Street segments have characteristics that relate to the post-incident operational response
to gun violence, like their proximity to police response or trauma care facilities, that may create
fatal shootings incidents from non-fatal shootings. In addition, aspects of social disorganization
at both the neighborhood- and street segment-level need to be controlled for given their role in
creating the conditions that are conducive to gun violence. Similarly, crime pattern theory-related
constructs, like schools or bus stops, may also influence the spatial patterning of interpersonal
violence, suggestive of a similar dynamic that needs to be accounted for in the examination of
gun violence.
Given the hierarchical structure of the data (street segments within census tracts), this
dissertation will employ a multi-level modelling framework (MLM). MLM has been widely used
throughout the social science literature to account for the role of context and examine varying
direct and indirect relationships across units of analysis (Raudenbush & Bryk, 1987; Luke, 2004;
Snijders & Bosker, 2012). MLM is an increasingly used approach to examining hierarchical data
within the criminological literature. This modelling strategy accounts for the fact that the
characteristics of street segments and the families that live on them are likely more similar than
street segments in a different neighborhood. Therefore, this approach has the benefit of
accounting for the non-independence across units as it is likely that street segments within census
tracts are subject to the same community-level processes and therefore have correlated error
terms. Raudenbush & Bryk, (1987) warn that a modelling strategy that does not account for the
non-independence of units, which is likely for the reasons stated above, may lead to standard
estimates that are biased, and Type 1 and Type 2 errors are more likely. MLM also allows
improves the validity of the results by allowing for varying units of analysis and thus, removes
the necessity to either aggregate measure to larger units (Kubrin & Stewart, 2006)
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The distribution of crime incidents across micro-places have previously been found to
follow a Poisson distribution (Sherman et al., 1989). As the dependent variable is a count
measure of fatal shootings at street segments, this dissertation employs Negative Binomial
Regression models in Stata 15.0. Negative Binomial Regression to account for the observed
over-dispersion of the residual values of the response variable by including an additional error
term. Specifically, this dissertation will employ 5 multi-level Negative Binomial regression
models using xtnbreg to first provide the foundation for the study of fatal shootings using multilevel models and then test for the direct effects of measures at both units of analysis on the
outcome measure. Before the modelling takes place, this dissertation will first report the bivariate correlations among the independent and control variables and generate descriptive
statistics for all variables included in the analysis. The full modelling strategy is as follows:

1. Model 1 – Intercept Only
The initial model will include no measures from either level 1 or level 2 and report the
amount of variation of the dependent variable across level 2 units. This first model will
determine whether there is sufficient variation in level 2 counts of fatal and non-fatal
shootings to include neighborhood-level predictors in the model. Specifically, if the model
reports Chi-Bar2 <.001, that means that there is significant variation of the outcome variable
at level 2.
2. Model 2 – Level 1 Only
The second model will include level 1 measures which act as the primary predictor variables
and represent street-segment characteristics. These street segment characteristics will include
police response time, estimated trauma care proximity, accessibility, and collective efficacy.
3. Model 3 – Level 2 Only
This model tests for the direct effects of neighborhood-level measures of social
disorganization influence on fatal shooting counts at street segments. Variables include
census tract measures concentrated disadvantage, residential instability, proportion of
African American residents, and ethnic heterogeneity.
4. Model 4 – Level 1 and 2 (Full Model)
In this final model of the main analysis, level 1 measures of street characteristics will be the
primary independent variables and level 2 measures will act as further controls. This model
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will also provide some nuance to the results from Models 2 and 3 by reporting whether the
previously identified associations are changed. Specifically, this model will give some
insight as to whether neighborhood-level characteristics are still salient predictors of fatal
shootings after including street-level characteristics and vice versa. Additionally, these
results will provide the foundation for further analyses that more formally test mediating and
moderating relationships between level 1 and 2 measures.
5. Model 5 – Sub-Analysis – Full Model with AVL-generated response time
In the sub-analysis, both level 1 and level 2 measures are included as in Model 4 but are
regressed on outcome variables that represent fatal and non-fatal shootings that occurred
from 2018-20195. This sub-analysis also includes an AVL-generated response time measure
to examine if there are any differences in terms of associations based on how police response
is measured.
This modelling strategy will be conducted with 5-year fatal shooting counts as the dependent
variable and again, separately, with 5-year non-fatal shooting counts as the dependent variable.
As such, there will be a total of 8 regression models run for the main analysis and an additional 2
models run for the sub-analysis (10 total).
4.7 Dependent, Independent, and Control Variables for MLM
This section contains a breakdown of all the variables along with their measurement strategy that
are included within the multi-level examination of neighborhood- and micro-place correlates to
fatal shooting counts. The organization is as follows, first a description of the dependent
variables, followed by sections describing the primary independent and control variables broken
down by the unit of measurement. There are several independent variables included in the
examination of fatal shooting counts at street segments. These independent variables span two
units of analysis that represent neighborhoods (census tracts) and micro-places (street segments).
The primary independent variables are measured at the micro-place level and operationalized as
street segments.

5

AVL-generated response time measures were developed using calls from 2018-2019 due to data availability.
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Dependent Variable
There are two dependent variables included in the main analysis including the count of fatal
shootings and the count of non-fatal shootings at a given street segment for the 5-year study
period. Each of the four previously outlined models will be run for each of the dependent
variables to examine whether the relationships identified between contextual and micro-level
variables hold across shooting types. The sub-analysis that follows uses temporally abbreviated
2-year (2018-2019) fatal and non-fatal shooting counts at street segments due to AVL data
availability6.
Independent Variables - Street Segment-level
There are four primary independent variables measured at the street segment-level.
1. OSRM-TIME generated Police Response Time.
Police Response time was also measured in terms of proximity to police patrol stations,
generated using the STATA OSRM-TIME plug-in that assumes the most efficient route
between two points using Open Street Map. This measure estimates both car travel time
(assuming 30mph speed) and physical distance traveled (Huber & Rust, 2016). A dataset
consisting of each pair-wise combination of every street segment and each police patrol
station will be created, with the nearest trauma care facility time chosen as the measure.
Previous examinations have used Euclidean distances in ESRI platforms but given the
prominence of the street network of this study, a measurement strategy that takes into the
actual street network is more appropriate (Chainey & Ratcliffe 2005; Rossmo, 1999). The
OSRM-TIME plug-in uses the Open Street Map7 which is the reference map for Google
Maps and is regularly updated. This variable will be a continuous measure and reported in
terms of minutes for easy interpretability.
2. AVL-generated Police Response Time.
Measured by calculating average time elapsed between the call to patrol and the arrival of the
first car on scene for each shooting and shots fired incident on a given street segment using
Automated Vehicle Locator (AVL) data provided by KCPD as part of an ongoing NIJfunded ShotSpotter study. The spatially referenced AVL data includes the location of the
closest patrol car for each incident and reports the location of the patrol car for every 30
seconds. Arrival time will be defined as the time of the first car dispatched to the incident and
the time of the first patrol car arriving on the scene of the shooting. Arrival times that pre-

6

Fatal and Non-fatal shootings that were geo-located at Hospitals were removed and were not included in the
analysis at any point as these are not true incident locations, but instead the result of being recorded (incorrectly) at
the hospital.
7
https://www.openstreetmap.org/#map=4/38.01/-95.84
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date dispatch times were marked as 0 as they were likely the result of proactive policing
efforts and required no travel to respond to the scene of the incident.
Using an Inverse Distance Weighting (IDW) function in ArcPro, every shooting and
shots fired call within the AVL dataset was used to create a raster image with an estimated
police response value (in minutes) for each 340 ft2 (default cell size). The average number of
first order neighbors were calculated in GeoDa (at 6) and this number was used to inform the
IDW function to reduce the influence of a call the farther in distance one gets from the call.
Estimated police response values were extracted from the raster and interpolated to street
segment centroids to provide each street segment with an estimated police response time
given the distribution of response times across the city. By extending the same average
response time from a street segment that has experience a shooting to street segments that
intersect with it, the measures will continue to represent the characteristics of micro-places
without the associated error that aggregation to higher units would create8. This is a
continuous variable reported in minutes for easy interpretability.
Previous work looking at associations to gunshot wound mortality has relied on
aggregating response times by EMS to the block-group level (Circo, 2019) to overcome this
same issue. This proposed measurement strategy is an improvement in two ways. First, given
the close physical proximity of street segments to their neighbors, it is unlikely that a street
segment and its neighbor will have significantly different response times. IDW imputes
values based on this assumption and will generate values that are more similar the more
proximate the street segments are, while also assigning values to all streets (which eliminates
missing data). Second, this strategy keeps the average police response time measure at the
street segment unit of analysis and preserves the structure of the multilevel modelling
strategy. This variable will be a continuous measure and reported in terms of minutes for
easy interpretability.
3. Proximity to Trauma Care.
A proximity measure will be calculated using the same STATA OSRM-TIME plug-in and
assumes the most efficient route between the two points using Open Street Map and provides
estimates of both car travel time (assuming 30mph speed) and physical distance traveled
(Huber & Rust, 2016). A dataset consisting of each pair-wise combination of every street
segment and each hospital will be created, with the nearest trauma care facility time chosen
as the measure. Previous examinations have used Euclidean distances in ESRI platforms but
given the prominence of the street network of this study, a measurement strategy that takes
into the actual street network is more appropriate (Chainey & Ratcliffe 2005; Rossmo, 1999).
This variable will be a continuous measure and reported in terms of minutes for easy
interpretability.
4. Collective Efficacy.
Measure created by using ArcGIS Pro to spatially join 311 calls collected from the Open
Data Kansas City data portal9 to street segments specifically calls relating to public space
issues including tall weeds, grass, trash, graffiti, and illegal dumping (Magee, 2020). 311
calls are operationalized here to represent the level of engagement of the residents of a given
street segment, the degree to which residents take responsibility for their micro-community,
8
9

See Section 4.8 for additional discussion and tests of reliability.
https://data.kcmo.org/311/311-Call-Center-Service-Requests-2007-March-2021/7at3-sxhp
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and their willingness to take action to uphold local norms by reaching out to authorities for
alleviation of the issue. This measure will be a standardized continuous measure where more
calls will represent higher levels of collective efficacy and vice versa.
5. Parks
Measure created by using ArcGIS Pro to spatially join a polygon layer representing all parks
and boulevards in Kansas City, MO to street segments. Data was collected from the Kansas
City Office of Performance Management via the Open Data Kansas City data portal10. This
measure is a dichotomous or indicator variable where a street segment that overlaps with a
park polygon is coded as (=1).
6. Schools
Measure created by using ArcGIS Pro to spatially join a point layer representing all schools
in the Kansas City region, including elementary, middle, junior high, and high schools that
are private, magnet, charter, or religious schools to street segments. Data was collected from
the Mid-America Regional Council (MARC) via ArcGIS Online11. This measure is a
dichotomous or indicator where a street segment that contains a school is coded as (=1).
7. Bus Stops
Measure created by using ArcGIS Pro to spatially join point data representing all Kansas City
Area Transportation Authority (KCATA) Bus Stops to street segments. Data was collected
from the Kansas City Office of Performance Management via the Open Data Kansas City
data portal12. This measure is a dichotomous or indicator variable where a street segment that
contains a school is coded as (=1).
8. Vacant Parcels
Measure created by using ArcGIS Pro to spatially join a polygon layer representing all
parcels where there is no structure greater than 150 square feet on site to street segments.
Data was collected from the Kansas City Office of Performance Management via the Open
Data Kansas City data portal13. This measure is a dichotomous or indicator variable where a
street segment that contains at least a single vacant parcel is coded as (=1).
9. Street Lighting Condition
Measure created by using ArcGIS Pro to spatially join 311 calls collected from the Open
Data Kansas City Portal14 to street segments. Specifically, this measure focus on one specific
type of 311 call relating to the repair of broken street lighting. The number of calls for each
street segment will be standardized and transformed to into a continuous measure that
represents the condition of street lighting for a given street segment. Using this strategy,
streets with a greater number of calls will represent areas with less visibility and poorer street
lighting conditions.

10

https://data.kcmo.org/dataset/Kansas-City-Missouri-Parks-and-Boulevards-Map/h5fe-gwsc
https://modelpd.maps.arcgis.com/home/item.html?id=8daa6fc2a92d40cf83c3caa1355ee59e
12
https://data.kcmo.org/Transportation/KCATA-Bus-Stops/bd2s-bfst
13
https://data.kcmo.org/GIS/Vacant-Parcels/gseg-eqfy
14
https://data.kcmo.org/311/311-Call-Center-Service-Requests-2007-March-2021/7at3-sxhp
11
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10. Non-local Road
Measured as a binary variable of whether a street segment is a non-local road (Non-Local
Road =1). This information comes from the street centerline dataset.
Independent Variables - Community-level Measures
Neighborhood-level contextual measures will be developed at the census tract level and include a
measure of concentrated disadvantage (Sampson et al., 1997), percent African American
residents, residential instability, and ethnic heterogeneity. Measures will be developed using the
U.S. Census Bureau’s American Community Survey 5-year estimates covering the years starting
with 2015 and ending in 2019.
1. Concentrated Disadvantage15 is standardized index that includes the proportions of
residents of a given census tract that are categorized as the following,
a. Below Poverty
b. On Public Assistance
c. Female-headed Households
d. Un-employed
e. Ages 15-19
f. Proportion of African American residents16
2. Residential Instability is defined as the proportion of households that are,
a. Percent Renters
b. Where the resident has lived there for at least 1 year
3. Ethnic heterogeneity measure will include the proportion of residents that are
a. Foreign Born
b. Non-black Latino
c. Speak a non-English language at home
Each index is grand mean-centered and standardized to ensure a normal distribution of values
and decrease the potential bias associated with the estimates. Principal Components Analysis
(PCA) will be run to determine whether the indices are properly loaded and sufficiently
correlated but also to diagnose issues with collinearity17.

15

Sensitivity tests included with concentrated disadvantage operationalized as per Land et al., 1990; Krivo &
Peterson, 2000.
16
Proportion of African American Residents will be tested for their interitem correlation to concentrated
disadvantage and influence on the internal reliability of the concentrated disadvantage to determine whether the
measure should be a separate variable.
17
PCA results are reported in Chapter 7.1 during the discussion of the descriptive statistics for the independent
variables
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Control Variables
As previously mentioned, there are characteristics of the street segment that have been found to
play a role in the creation of crime patterns and need to be controlled for in the statistical
analysis. In addition, previous work has found that adding variables to account for exposure and
the spatial diffusion of homicide in the form of “spatial lags” has improved model performance.
1. Street Direction.
Measured as a binary variable of whether the street is unidirectional or bi-directional (BiDirectional =1). This information comes from the street centerline dataset.
2. Length of Street Segment
Measured using the Calculate Geometry tool in ArcPro and reported in feet. Some street
segments will appear to be high crime areas if only because they are longer than others,
not necessarily due to the reality of the crime problem.
3. Neighborhood-level Spatial Lag
Measured as the extent to which fatal shooting counts at the neighborhood-level are
correlated and thus influenced by their immediate adjacent neighbors. A continuous and
standardized measure.
4. Street Segment-level Spatial Lag
Measured as the extent to which fatal shooting counts at the micro-level are correlated
and thus influenced by their immediate adjacent neighbors. A continuous and
standardized measure.
5. 5-year non-fatal shooting counts will be used as an exposure variable in the fatal shooting
models (2-year counts in the sub-analysis). This variable is the same as the outcome
variable in the non-fatal shooting analysis.
6. 5-year fatal shooting counts will be used as an exposure variable in the non-fatal shooting
models (2-year counts in the sub-analysis). This variable is the same as the outcome
variable in the fatal shooting analysis.
7. General Crime Activity will be measured by aggregated all non-firearm related crimes to
street segments for the entirety of the study period. It is a count variable.
Spatial lag variables will be created using GeoDa 1.8 using a Queen’s Contiguity Matrix which
will identify first-order adjacent neighbors (neighbors that share boundaries) for each unit within
the analysis and a Moran’s I test for association (Anselin, 1995).
4.8 Tests of Reliability
This dissertation employs several sensitivity tests to ensure the reliability of the measurement of
concentration, spatial overlap, and constructs associated with the regression analysis. In the
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following section, each research question and corresponding sensitivity tests are outlined and
how they impact the validity of the results discussed.
Previous tests of the law of crime concentration have varied in their methodology and
reporting of spatial concentration of crime. This dissertation incudes sensitivity analyses when
measuring the concentration of fatal and non-fatal shootings at micro-places to account for the
sparse nature of the data. For example, an additional analysis street segments that have not had a
crime for the length of the study period will be excluded from the generalized Lorenz Curve and
generalized Gini Coefficient calculation (Favarin, 2018). This process will be repeated by only
including street segments that reported at least one incident of gun violence of either type. This
strategy will provide nuance to our understanding of crime concentration and perhaps provide
more realistic estimates of crime concentration by including streets where a crime was likely to
occur.
To ensure the reliability and validity of the findings from examining the place-based
correlates to fatal and non-fatal shootings, this dissertation includes a sensitivity analysis and
sub-analysis that includes variables with different measurement strategies. Proximity to trauma
care and police response will be operationalized in terms of distance (reported in feet) rather than
travel time (in minutes) to ensure that any observed relationships with fatal shooting counts is
not sensitive to how proximity is operationalized. The sub-analysis includes the police response
generated from AVL data and acts as a test for whether police response time is sensitive to the
source of data or measurement strategy.
Finally, concentrated disadvantage will be measured using different but similar variables
normally referred to as resource deprivation. First, Land (1990)’s resource deprivation will be
created and tested for association to fatal shooting counts. Resource deprivation is defined as the
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median family income in the census tract, percent of residents below poverty, percent female
headed households, percent non-Latino black, percent of residents aged 16 and over, and percent
unemployed. An additional concentrated disadvantage or resource deprivation index will be
included as per Krivo & Peterson (2009) which includes census tract measures of the median
family income, percent below poverty, percent female headed households, percent of residents in
low-income occupations, percent residents over 16 years of age, percent unemployed, and
proportion of residents with professional or managerial occupations. Each index included in the
analysis will be standardized and operationalized as continuous variables. These additional
measures of neighborhood-level social disadvantage will ensure that the association between
neighborhood-level context and street segment fatal shooting counts are not sensitive to how
disadvantage is calculated.
4.9 Chapter Summary
In the previous chapter, the analytical plan for determining whether fatal and non-fatal shootings
are separate social phenomenon is outlined and presented in a three-step process. The spatial
patterning of fatal and non-fatal shootings is examined in two ways, in terms of their
concentration at micro-places and their co-location at shooting hot spots. These initial tests
provide the foundation for the subsequent exploratory regression analysis that attempts to explain
these patterns as the result of place-based variables informed from social disorganization and
crime pattern theory constructs.
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Chapter 5: Measuring the Concentration of Fatal and Non-fatal Shootings at Micro-places
– Results
5.1 Measuring Concentration at Micro-places - Generalized Gini Coefficient Results
Research question one addresses the issue of whether fatal and non-fatal shootings separately
conform to the law of crime concentration. Specifically, do a small number of street segments
account for a majority share of shootings, for each shooting type? To examine this issue, this
dissertation plotted Lorenz Curves that represent the observed dispersion of fatal and non-fatal
shootings counts, separately, across street segments. These Lorenz Curves visualized the
observed spread of shootings across street segments in relation to the perfect equality of
shootings across units, and maximal equality of shootings across units. The latter line, the line of
maximal equality, is the plotted of distribution of crimes across units (c/n) such that the line
stops when the number of units equals the number of total shootings. This creates a much lower
areal estimate for the create of Gini Coefficients and much more conservative and perhaps
realistic measures of concentration. Lorenz Curves were generated, and their re-scaled versions
are available for viewing in the Appendix (Figures A1 – A24)1.
These Lorenz curves were then used to calculate both Standard and Generalized Gini
Coefficients. These Gini Coefficients represent the ratio of the area between the Lorenz Curve
and line of perfect equality to the area above the Lorenz Curve for the Standard Gini. The
Generalized Gini Coefficients being the ratio of the area between the Lorenz Curve and line of
Maximal Equality to the area above the Lorenz Curve. The Generalized Gini Coefficient is a
1

Due to the sparse nature of shootings, particularly when dis-aggregated into different types the
boot-strapping method failed to generate confidence intervals and they are un-available for this
analysis. Specifically, during the boot-strap process, due to the preponderance of 0 values, there
were routinely too many sampling iterations that randomly chose solely units that had not
experienced a shooting of either type and thus made it impossible to generate confidence
intervals.
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more conservative measure that only considers those places that have experienced shootings and
considers the relative sparseness of shooting events, and logical impossibility of perfect equality
of shootings across units given there are more units than shootings. Generalized Gini Coefficient
values range from 0 to 1, with 1 representing absolute concentration of all shootings at a single
street segment and 0 representing equal dispersion of shootings across units. In the generalized
form, a value of 0 signifies that there was an equal number of shootings across streets where a
shooting took place (as in 2019).
Figure 4: Generalized Gini Coefficient Results Over Time

Generalized Gini Coefficients calculated for fatal shootings fall within a tight bandwidth
and range from perfect equality of shootings across units (g1 = 0.000 to 0.049), suggestive of
great temporal stability over the study period (See Table 1 above). However, compared to
standard Gini coefficient estimates, there is little to no reported concentration of fatal shootings
at micro-places. Temporal aggregation of all fatal shootings across the 5-year study period leads
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to a large relative increase in concentration of fatal shootings (g1 = 0.137) but is still suggestive
of great dispersion of fatal shootings across micro-units.
Non-fatal shootings, in contrast, were observed to concentrate at micro-units to a much
greater extent at micro-places. Generalized Gini Coefficients fell within a relatively looser
bandwidth than fatal shootings, ranging between g1 = 0.268 to g1 = 0.370 and suggestive of
temporal stability of concentration patterns across the study period. Like fatal shooting estimates,
temporal aggregation of all non-fatal shootings over the 5-year study period led to an increase in
observed concentration (g1 = 0.511). This represents a nearly 3x increase in the level of
concentration and is the difference between almost perfect dispersion (fatal shootings) and
relatively concentrated patterns (non-fatal shootings), the implications of this will be discussed in
section 8.1.
When aggregating both shooting types into a single category, generalized Gini
Coefficient estimates largely mimic those of the non-fatal shooting estimates. Generalized Gini
Coefficient estimates for all shootings categories did report values that fell within a much wider
bandwidth g1 = 0.28 to g1 = 0.517, suggestive of less temporal stability than single category
estimates. In contrast to previous tests, temporal aggregation did not lead to an increase in
estimated concentration (g1 = 0.517) and instead fell within the maximum value observed within
the study period. An independent samples T-test assessing the differences in mean Gini
Coefficient estimates across shooting types reported significant differences in estimated Gini
Coefficients during the 5-year period t (4) =0.000. Standard deviations were calculated
separately for each shooting type to generate confidence intervals around each given Gini
Coefficient estimate (Fatal shootings (SD = 0.021) and non-fatal shootings (SD = .042). Figure 5
below visualizes 95% confidence intervals for each estimated Gini Coefficient value and
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displays a consistent lack of overlap across shooting types, suggestive of a true difference in
terms of estimated concentration of events across units every year of the study period. This
additional test helps confirm the lack of similarity in terms of spatial patterning and provides the
foundation for the further analysis of co-location, given the observed differences in
concentration. The consistency of these differences in spatial patterning over time shows that
these findings are temporally stable and are not an artifact of choice of study period.
Figure 5: Generalized Gini Coefficient Differences Over Time

5.2 Measuring Concentration at Micro-places - Standard Gini Coefficient Results
Given the widespread use of crime concentration estimates that rely on Standard Gini Coefficient
or similar descriptive statistics, this dissertation has reported Standard Gini Coefficient estimates
in this section for comparative purposes. The Standard Gini Coefficient results differ starkly
from the Generalized Gini Coefficients reported in the previous section. The difference in the
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results offer insight as to why Bernasco & Steenbeek (2017) suggested re-formulating the Law of
Crime Concentration to better account for sparse nature of some crime types, particularly in the
case of fatal shootings.
Fatal shootings were found to only occur in a very small minority of street segments
relative to the total number of street segments. Table 3 below reports the results from calculating
the standard and generalized Gini coefficient measures. Standard Gini Coefficients for fatal
shootings fall within a tight band (g1 =.995 to .998) for the 5-year period, suggestive of great
stability in terms of concentration over time. Conducting the analysis using all five years of fatal
shooting data lowers the standard Gini Coefficient measure to (g1 =.986), suggesting that
temporal aggregation slightly increased the observed dispersion.
Table 3: Standard and Generalized Measures of Concentration
Standard Gini Coefficients
Generalized Gini Coefficients
Year
Fatal
Non-fatal
All
Fatal
Non-fatal
All
2015
0.998
0.993
0.96
0.047
0.370
0.517
2016
0.997
0.992
0.989
0.019
0.358
0.338
2017
0.997
0.99
0.987
0.034
0.268
0.28
2018
0.995
0.991
0.989
0.049
0.327
0.304
2019
0.996
0.990
0.988
0.000
0.302
0.290
5 Year
0.986
0.992
0.960
0.137
0.511
0.517

Non-fatal shootings were similarly found to only occur in a very small minority of street
segments relative to the total number of street segments, however, to a slightly lesser extent that
fatal shootings (g1 =.990 to .993). This narrow bandwidth of standard Gini Coefficient estimates
is suggestive of great temporal stability over time. Temporal aggregation of all five years of the
study period resulted in a Gini Coefficient measure matching the maximum across the study
period (g1 = 0.993). Temporal aggregation across the 5-year study period led to a reported Gini
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Coefficient estimate that matched the maximum value within the study period (g1 = 0.96), also
suggestive of the stability of the estimates over time.
As a sensitivity analysis, these standard Gini coefficients (see Tables C1 and C2) and
Lorenz curves were generated and re-calculated in two different ways (for Lorenz Curves see
Figures B1 – B40). First, by only considering units that had experienced a gun-related crime
during the study period (2015-2019). Second, by only including units that had experience a
single crime of any type for the study period (2015-2019). These results only change the standard
Gini Coefficient measures as the generalized form already constrains the units to those that had
experiences a shooting of a given type when creating the line of maximal equality. Therefore, the
area estimates for the denominator when calculating the ratio that becomes the generalized Gini
Coefficient remains unchanged.
5.3 Chapter Summary
Given the relative rarity of fatal shootings to all crime types, let alone non-fatal shootings, it
would be easy to declare the generalization of the law of crime concentration for both fatal
shootings. However, as the results show, depending on how concentration of crime is measured,
there are starkly different outcomes. For example, according to standard Gini Coefficient results,
which most of the early literature related to the law of crime concentration relies upon, fatal and
non-fatal shootings are highly concentrated in space. Further, there is not much difference from
the Standard Gini coefficient estimates between the single shooting type categories and the
aggregated all shootings category, suggesting that there is little benefit to separating categories of
shootings by mortality. Given the differences across shooting types in terms of concentration
observed when relying on Generalized Gini Coefficient estimates, using Standard Gini
Coefficient estimates would be misguided. There were significant differences found in both the
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mean generalized Gini Coefficient values and year-to-year estimates that provide support for
fatal and non-fatal shootings being separate types of shootings. These differences are overlooked
when relying on Standard Gini Coefficient estimates that do not take into account the relative
sparseness of gun violence as a social phenomenon to other types of crime. This issue of sparse
data is further exacerbated by the splitting of gun violence incidents into fatal and non-fatal
shootings and the increase in units due to the examination taking place at the micro-unit. These
aspects of the study further highlight the importance of using Generalized Gini Coefficient
estimates when comparing the degree to which crime types concentrate at micro-places. The
comparison provided in Chapter 5 of this dissertation finds further support for the use of
Generalized Gini Coefficients when validating further crime types in the generalization of the
Law of Crime Concentration, particularly when the crime type(s) under investigation is/are
relatively sparse.
The Generalized Gini Coefficient paints a more accurate picture, reporting almost perfect
dispersion of shootings across places in one year and very minimal concentration across the
remaining. Non-fatal shootings were found to be much more concentrated at micro-units to a
factor of 3x to 5x that reported by fatal shootings. It also appears that generalized Gini
Coefficient estimate for the total shootings category largely mimic non-fatal shooting
concentration estimates, suggestive that shootings in large are largely drive by non-fatal shooting
patterns.
In the context of the stated research hypotheses, the law of crime concentration, as
formulated by Weisburd (2015) can be extended to both fatal and non-fatal shootings. However,
as the law of crime concentration was re-formulated by Bernasco & Steenbeek (2017), only nonfatal shootings fit the definition. Specifically, because the observed concentration of crime at
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micro-units holds for non-fatal shootings even when compared to the relative to the
concentration of crime as is possible under maximal possible dispersion, rather than perfect
dispersion. The law of crime concentration in its most recent formulation cannot be extended to
fatal shootings but can be generalized to include non-fatal shootings and gun violence as a
totality in Kansas City, MO. Fatal shootings are rare events, but also relatively dispersed
compared to non-fatal shootings. Indeed, contrary to the earlier stated hypothesis, non-fatal
shootings concentrate to a much greater degree at micro-units than fatal shootings.
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Chapter 6: Assessing the Co-location of Fatal and Non-fatal Shooting Results
6.1 Introduction and Descriptive Statistics – Shooting Types Across Fatal and Non-fatal
Shootings at Micro-units
Research question two addresses the issue of whether fatal and non-fatal shootings colocate at micro-place hot spots. To examine this issue, a robust micro-unit hot spot identification
strategy was undertaken followed by a descriptive and statistical analysis of the count of fatal
and non-fatal shooting counts at micro-units. Micro-unit hot spots were identified in three ways
for each of the years within the study period (2015-2019). First, the street segments with the top
99% (count of shootings for a given street segment > two standard deviations) of shooting counts
of either type were identified as hot spots, separately. Second, the top 120 street segments in
terms of the count of either shooting count were identified, separately. Third, aggregated hot spot
units were generated from separate point-pattern tests of concentration based on hierarchical
nearest neighbor analyses of fatal and non-fatal shooting events, for each year. These separate
hot spot units were identified uniquely for each type of shooting for each year, then combined by
year to create the aggregated hot spot unit. Fatal and non-fatal shooting events were then
spatially joined back to the newly formed aggregated that includes information as to what type of
hot spot the unit is made up of, either fatal, non-fatal, or both type of hot spots. A basic
descriptive table follows below that displays the breakdown of the number of fatal and non-fatal
shootings units and the cumulative percentage of fatal and non-fatal shootings found at fatal and
non-fatal shooting hot spots as well as non-hot spot street segments, for each year of the study
period (See Table 4 Below). The breakdown of fatal and non-fatal shootings counts is described
for aggregate hot spots units in a separate table (See Table 5 Below). Counts of fatal and nonfatal shootings were then tested for similarity by calculating a summarizing the Gibbs-Martin
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Index values for each unit (for each year of the study period) and performing the Spearman Rank
Correlation test for the entire dataset and identified hot spot unit, for each year of the study
period.
The basic descriptive table provides an initial glimpse into the observed co-location of
fatal and non-fatal shootings at micro-unit hot spots for the study area. Beginning with the top
120 hot spot identification method, the proportion of fatal shootings for any year that could be
found at a street segment that is both a fatal and non-fatal shooting hot spot ranges from 3-13%,
with most fatal shootings found at solely fatal shooting hot spots. This can be partly explained as
an artifact of the hot spot identification strategy as the number of events in 3 out of 5 years were
outnumbered by the number of hot spot units that needed to be identified. To create the 120 hot
spot units, ties among the units without fatal shootings were randomly broken and chosen for
inclusion into the analysis. However, when examining the breakdown of fatal shootings from the
top 99% hot spot identification strategy, fatal shooting counts still are largely concentrated
among fatal shooting hot spots, even despite in some years there being 50% fewer units (2015) to
include in the analysis. Across the years examined, between 10 and 29% of all fatal shootings
occurred in areas that were identified as both fatal and non-fatal shooting hot spots.
Table 4: Count and Cumulative Counts of Fatal and Non-fatal Shootings at Hot Spot Units
Year Hot Spot Type
Top 120%
Top 99%
Hot Spot Type
% Fatal % Non-fatal
% Fatal
% Non-fatal
Fatal
87%
5%
71%
0%
Non-fatal
0%
47%
0%
90%
2015
Both
13%
5%
29%
8%
None
0%
42%
0%
2%
Total
100%
100%
100%
100%
Hot Spot Type
% Fatal % Non-fatal
% Fatal
% Non-fatal
Fatal
93%
2%
87%
0%
2016 Non-fatal
0%
44%
0%
94%
Both
7%
2%
13%
4%
None
0%
52%
0%
2%
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2017

2018

2019

Total
Hot Spot Type
Fatal
Non-fatal
Both
None
Total
Hot Spot Type
Fatal
Non-fatal
Both
None
Total
Hot Spot Type
Fatal
Non-fatal
Both
None
Total

100%
% Fatal
94%
0%
6%
0%
100%
% Fatal
97%
0%
3%
0%
100%
% Fatal
89%
1%
5%
6%
100%

100%
% Non-fatal
3%
39%
2%
56%
100%
% Non-fatal
2%
45%
3%
51%
100%
% Non-fatal
2%
40%
3%
55%
100%

100%
% Fatal
81%
0%
19%
0%
100%
% Fatal
90%
0%
10%
0%
100%
% Fatal
86%
0%
14%
0%
100%

100%
% Non-fatal
0%
94%
5%
1%
100%
% Non-fatal
0%
95%
4%
1%
100%
% Non-fatal
0%
93%
6%
1%
100%

Results from the aggregated hot spot unit identification strategy reported greater colocation, with a larger cumulative total of fatal shootings occurring at units designated as both
fatal and non-fatal shooting hot spots. Cumulative totals of fatal shootings at units designated as
both hot spot unit types ranged from 30-60%, but this is likely since this hot spot identification
strategy yielded no units that were solely fatal shooting hot spots after aggregation process.
Indeed, fatal shooting hot spot units generated by the point pattern test were routinely larger than
what could be considered micro-units with mean random nearest neighbor distances ranging
from 2704 to 3418ft, meaning that fatal shootings that created the units were on average between
4-6 street blocks away from one another (given the average street block in Kansas City, MO is
552ft long). This process created fatal shooting units that were much closer in size to census tract
due to the dispersion of fatal shooting events in space and increased the likelihood that these
larger units would eventually share boundaries with non-fatal shooting hot spots created by the
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same process, yielded hot spot units of both types at a higher rate. Non-fatal shooting hot spots
generated by the hierarchical nearest neighbor point pattern test reported a mean random nearest
neighbor value ranging from 922 to 1047 ft, or a little less to almost exactly two street blocks in
difference. As suggested in Haberman (2017), this 2-block distance is much more suggestive of a
micro-unit. This aggregation process also likely resulted in differences observed after performing
the Spearman Rank Correlation tests on aggregated hot spot units that will be discussed later in
the chapter (See Section 6.3).
Table 5: Count and Cumulative Counts of Fatal and Non-fatal Shootings at Aggregated Hot
Spots
Aggregated Hot Spots
Hot Spot Type
# of Units Fatal Ct. % Fatal Non-fatal Ct. % Non-fatal
Fatal
0
0
0%
0
0%
2015 Non-fatal
13
2
2%
125
31%
Both
6
47
56%
196
49%
Total
19
49
58%
321
80%
Hot Spot Type
# of Units Fatal Ct. % Fatal Non-fatal Ct. % Non-fatal
Fatal
0
0
0%
0
0%
2016 Non-fatal
16
7
8%
163
36%
Both
3
37
35%
121
26%
Total
19
44
43%
284
62%
Hot Spot Type
# of Units Fatal Ct. % Fatal Non-fatal Ct. % Non-fatal
Fatal
0
0
0%
0
0%
2017 Non-fatal
10
4
3%
89
18%
Both
9
70
60%
216
45%
Total
19
74
63%
305
63%
Hot Spot Type
# of Units Fatal Ct. % Fatal Non-fatal Ct. % Non-fatal
Fatal
0
0
0%
0
0%
2018 Non-fatal
17
4
3%
151
34%
Both
4
47
39%
123
28%
Total
21
51
42%
274
63%
Hot Spot Type
# of Units Fatal Ct. % Fatal Non-fatal Ct. % Non-fatal
Fatal
0
0
0%
0
0%
2019
Non-fatal
16
8
6%
115
25%
Both
7
69
53%
199
43%
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Total

23

77

59%

314

67%

The number of non-fatal shootings found at the top 120 hot spot units that were both fatal
and non-fatal shooting hot spots range from 2-5% of the cumulative total of non-fatal shootings;
a tighter bandwidth than observed with fatal shootings, and suggestive of a lack of co-location.
In contrast to fatal shootings, only 40-47% of the cumulative total of non-fatal shootings
occurred at street segments designated as solely non-fatal shooting hot spots. For 4 out of 5 years
of the study, the majority of non-fatal shootings were found outside the hot spot units identified
using the top 120 hot spot identification strategy, suggestive of a relative dispersion of events
across places when compared to fatal shootings. However, the results from the analysis
conducted in Chapter 5 contradict this potential claim. The top 99% hot spot identification
strategy yielded similar results in terms of the cumulative number of non-fatal shootings reported
as both fatal and non-fatal micro-unit hot spots with values ranging from 4-8%. There were no
non-fatal shootings that were found at hot spots designated as only fatal but non-fatal shooting
hot spots accounted for between 90-95% of the cumulative total of non-fatal shootings across the
study period. However, this increase in cumulative capture came because of a 150% (2015) to
over 200% (2017) increase in the number of units included in the analysis compared to the top
120 rank. The implications of these differences in terms of police practice will be discussed more
in Section 8.2.
Aggregated hot spot units that were designated as both fatal and non-fatal shooting hot
spots captured a much greater cumulative percentage of non-fatal shootings than the other two
hot spot identification strategies with between 25% to 49% of non-fatal shootings reported at
these units. There were no aggregated hot spot units that were solely fatal hot spot units as
previously discussed in this section. Aggregated hot spot units designated as solely non-fatal
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shooting hot spots accounted for between 18% and 36% of the cumulative number of non-fatal
shootings, a much smaller percentage than previous hot spot identification methods. However,
aggregated hot spot units of both types (combined) did account for a greater share of the
cumulative total of all non-fatal shooting events with percentages ranging from 63% to 80%
across all years of the study, compared to 42% to 55% captured by the top 120 hot spot
identification strategy. What is more remarkable is this observed cumulative percentage increase
was accomplished despite there only being 19 to 23 aggregated hot spot units for any year of the
study, a much lower number than the 120 units identified in the top 120 strategy. This suggests
that despite not capturing the entire extent of the gun violence problem, the use of aggregated hot
spot units may be a “middle road” strategy more in line with the pareto principle than the street
segment-derived hot spot identification strategy that are inherently identify more units and
potentially less geographically targeted interventions (See Section 8.5 for more discussion).
The initial section of Chapter 6 provides an initial examination of the composition of gun
violence hot spots. Thus far, due to the lack of units that qualify as both fatal and non-fatal
shooting events across hot spot identification strategies and years of the analysis, it is unlikely
that differing shooting types co-locate at micro-units. However, the following two sections
provide additional clarification to the issue of co-location. These two sections report the findings
from the two different co-location measurement strategies to ensure that the observed differences
in the descriptive statistics are statistically valid but also not sensitive to how co-location is
measured.
6.2 Assessing Co-location – Gibbs-Martin Index Results
The Gibbs-Martin Index was calculated for each unit in the analysis and converted to a
Dominance Index (1-GMI) for easier interpretability. Each street segment has is converted to a
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value ranging from 0 to 1 that represents the degree to which shooting counts are concentrated in
a single shooting type category. The closer the value is to 0, shooting counts at a given street
segment will be dominated by a single category of shooting. Conversely, values closer to 1
represent a greater diversity of shootings at street segments, suggestive of co-location. The mean
Dominance Index was calculated for all for all possible units across each hot spot identification
strategy, for a given year. The Dominance Index was calculated for all street segments and each
aggregated hot spot unit, the calculated values then summarized. Due to the necessity of a given
unit needing at least a single fatal shooting value to calculate the Dominance Index (a 0 value in
the denominator creates an undefined fraction unsuitable to create the index value), only street
segments with fatal shootings were viable for analysis. Due to the lack of co-location of fatal and
non-fatal shootings, in descriptive terms, this pre-emptively constrained the analysis that led to a
perfect similarity of results whether including all street segments or either hot spot identification
strategy employed (Top 120 or Top 99%). Table 6 below reports the results from this portion of
the analysis.
Table 6: Dominance Index Values for Street Segments and Aggregated Hot Spot Units
Street Segments
Aggregated Hot Spots
Year Mean Min.
Max.
Mean Min.
Max
2015
0.25
0
1
0.14
0
0.50
2016
0.16
0
1
0.11
0
0.50
2017
0.24
0
1
0.22
0
0.53
2018
0.12
0
1
0.11
0
0.51
2019
0.21
0
1
0.20
0
0.49
Mean
0.20
0.16

Among street segments, there is an observed lack of diversity in terms of fatal shootings
and non-fatal shootings. Dominance Index values range from 0.12 - 0.25, with some units
reporting absolute concentration of values in a single shooting type (Dominance Index = 0.00)
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which largely overwhelm the units that exhibit perfect diversity of values across shooting types
(Dominance Index = 1.00). The mean Dominance Index across all years of the study was 0.20,
suggestive of a consistent lack of co-location of fatal shootings and non-fatal shootings at microunits. Aggregated hot spot units report slightly lower diversity (Mean Dominance Index = 0.16)
than that exhibited by street segments. Dominance Index values range from 0.11 - 0.22, with
some units reporting absolute diversity (Dominance Index = 0.00) and no single aggregated hot
spot unit reporting absolute diversity of values (Max Dominance Index Value = 0.53). This
analysis conducted on aggregated hot spots similarly displays a consistent lack of co-location of
fatal and non-fatal shootings at micro-unit hot spots, even when accounting for the aggregation
effects discussed among aggregated hot spot units discussed in Section 6.1.
6.3 Assessing Co-location – Spearman Rank Correlation Results
Spearman Rank Correlation tests were conducted for each year of the study period (2015-2019)
to further assess the co-location of fatal and non-fatal shootings at micro-places. This
measurement strategy converts the counts of fatal and non-fatal shootings at each street segment
and gives a relative rank within their given category, then compares these ranks across shooting
types. This standardization process makes the Spearman Rank Correlation test better suited to the
study of co-location among variables with large differences in absolute values. The greater the
similarity there is between ranks, the Spearman’s Rho value will be closer to 1, suggestive of colocation. The more dissimilar the ranks across shooting types, the Spearman’s Rho value will be
closer to -1, suggestive of a lack of co-location. Spearman Rank Correlation Tests were
calculated for each year of the study period for all street segments and all hot spot units across
each hot spot identification strategy. Table 7 below reports the results from the Spearman Rank
Correlation tests.
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Table 7: Spearman Rank Correlation Test Results – All Hot Spot Unit Types
Full
Dataset
Top 120
Top 99%
Aggregated Hot Spots
Year
Rho Sig.
Rho
Sig.
Rho
Sig.
Rho
Sig.
2015 0.14 <0.00 -0.43 <0.00 0.06 Non-Sig
0.68
<0.00
2016 0.07 <0.00 -0.72 <0.00 -0.04 Non-Sig
0.72
<0.00
2017 0.09 <0.00 -0.76 <0.00 0.14 Non-Sig
0.57
<0.00
2018 0.05 <0.00 -0.83 <0.00 0.13 Non-Sig
0.66
<0.00
2019 0.07 <0.00 -0.81 <0.00 0.00 Non-Sig
0.72
<0.00
Spearman Rank Correlation tests displayed some sensitivity to how hot spots are
identified relative to the Dominance Index-informed test of co-location. For example, when
considering all street segments, there is a significant and slightly positive correlation between
fatal and non-fatal shootings. These Rho values largely mimic those reported from the top 99%
identification strategy except, the top 99% hot spot identification strategy reported a nonsignificant relationship (Rho values ranging from -0.04 to 0.14), suggestive of a lack of colocation. Supportive of this finding is hot spots identified as the top 120 in terms of count for
fatal and non-fatal shootings exhibited a significant and negative relationship (Rho values
ranging between -0.43 to -0.81), finding further support for the lack of co-location. Muddying
this picture is the opposite relationship was observed among aggregated hot spot units, where a
positive and significant relationship was identified in opposition to the results from the Top 120
hot spot identification method. Aggregated hot spot units reported Rho values between 0.57 to
0.72, suggestive of the likely co-location of fatal and non-fatal shootings at micro-unit hot spots.
These findings could be explained as an artifact of the dispersion of fatal shootings that resulted
in larger units which was described in section 6.1. Whereas the Dominance Index analysis was
able to show that these values are dominated by a single category, Spearman Rank Correlation
tests gave a relative rank that standardized the shooting counts within types, so even though nonfatal shootings greatly outnumber fatal shootings, if fatal shooting ranks are high and non-fatal
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ranks are high, the Spearman Rank Correlation tests will report a positive relationship as was
seen here.
6.4 Chapter Summary
In the previous chapter, this dissertation assesses whether fatal and non-fatal shootings are likely
to co-locate at micro-units and micro-unit hot spots. Despite some variation depending on the
operationalization of micro-units and the technique for assessing co-location, generally, fatal and
non-fatal shootings are unlikely to co-locate -whether at street segments in general or at hot spot
units. This finding when considered with the findings from Chapter 5 suggest that fatal and nonfatal shootings do not display spatial similarity in either concentration or co-location and are
likely occurring in different plays with varying characteristics. These findings provide the
foundation for the next chapter that assesses the association between place-based correlates and
both shooting types to examine what it is about these places that may explain the differences in
spatial patterning.
Descriptive statistics show that most hot spots identified are non-fatal shooting hot spots,
with no sole fatal shooting hot spot identified no matter the identification strategy. There were
also very few shootings of either type observed in terms of percentage of shooting counts that
were found in hot spots designated as both fatal and non-fatal shootings, no matter the
identification strategy, though to a greater extent in aggregated hot spots.
Results from the GMI/Dominance Index analysis find a consistent lack of diversity in
values across shooting types, no matter how hot spots are conceptualized, and this trend was
temporally stable over time. Mean Dominance Index values were not reported over 0.30
suggestive that no matter the hot spot identification strategy, shootings at these units are typically
of a single type. The Spearman Rank Correlation tests performed on these hot spot units tell a
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slightly different story which was likely due to the standardization of raw counts. Spearman Rho
values at the street segment-derived hot spot units report a significant negative correlation to a
non-significant relationship between fatal and non-fatal shooting counts. The co-location
analysis conducted with Aggregated hot spot units display a consistent significant positive
relationship, suggestive of a significant overlap of fatal and non-fatal shootings. As discussed in
Section 6.1, this finding may be the result of two factors. First, the assumptions included in the
generation of hot spots. Specifically, no street segment had more than 3 fatal shootings over the
entire 5-year study period. This fact likely made it more difficult to create fatal shooting hot
spots using the hierarchical nearest neighbor process, as neighbors farther away in space were
more likely to be considered for inclusion into convex hulls and eventually, hot spots. The 5
shooting minimum for the identification of a hot spot for year-to-year fatal shootings where the
mean random nearest neighbor ranged from 4-6 street blocks away necessarily created larger
polygons and subsequently, aggregation effects. The relative dispersion of fatal shootings,
confirmed in Chapter 5, similarly contributed to the second factor, the size and relative scarcity
of fatal hot spot units during this process. The size of aggregated hot spot units, when compared
to street segments was much larger due to the sparse nature of fatal shootings across micro-units
(See Figure 3), making overlap more likely. As the Spearman Rank Correlation test standardized
the units, the absolute differences in values between fatal and non-fatal shootings shrank and colocation was observed. The GMI values, however, still accounted for these absolute differences
in values across shooting types as they were more reliant on raw counts, and a lack of co-location
was observed. In this way, GMI-based descriptive may be a better measure of co-location as the
raw counts will account for the relative differences in size of units across shooting types.
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In the context of research question two, it is unlikely that fatal and non-fatal shootings colocate at micro-units in general or at micro-unit hot spots. Despite the divergent finding at
aggregated hot spots and street segment hot spots during the Spearman Rank Correlation
analysis, the descriptive statistics and Dominance Indices generated paint a very clear picture of
a lack of overlap of fatal shootings and non-fatal shootings, that is not an artifact of the relatively
rarity of fatal shootings.
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Chapter 7: Multi-level Examination of Place-based Correlates to Fatal and Non-fatal
Shootings Results
7.1 Introduction and Descriptive Statistics
Research question three is concerned with exploring associations between street segment- and
neighborhood-level placed based characteristics with fatal and non-fatal shooting counts at street
segments. This exploratory regression is multi-level in design and includes street segment-level
characteristics related to crime pattern theory and the operational response to gun violence
previously found to be associated with gunshot wound mortality, along with social
disorganization-informed constructs related to social disadvantage. Five-year counts of fatal and
non-fatal shooting counts are the outcome variables of interest. A total of 8 models were run in
the main analysis, four for each outcome variable. This examination further explores potential
differences in fatal and non-fatal shootings as social phenomena and tests for their relationships
to place-based social phenomena that have previously been found to explain neighborhood and
micro-unit variation in crime within the criminological literature. The final dataset includes
33,821 street segments were included in the analysis that were nested within 187 census tracts,
with an average of 180 street segments within a single census tract (minimum number of 10
streets per census tract).
Dependent Variables
As previously stated, the dependent variables included in the analysis were 5-year counts of Fatal
and Non-fatal shootings at street segments for the study period (2015-2019). Figure 6 below
displays the year-by-year breakdown and trend lines for the outcome variables over the study
period. Non-fatal shootings routinely outnumber fatal shootings by a factor of 4-5x year over
year, with fatal shootings seeing a consistent small increase over the study period.
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Figure 6: Fatal and Non-fatal Shooting Trends over Study Period

Kansas City, MO - Fatal and Non-Fatal Shootings (20152019)
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Independent Variables
Table 8 below reports the descriptive statistics for the independent variables including in the
multi-level examination of fatal and non-fatal shooting counts. Binary variables are also reported
in terms of counts that represent the number of street segments that contain at least one of such
feature. Negative values from collective efficacy, lighting condition, ethnic heterogeneity,
concentrated disadvantage, and residential instability variables are a result of mean-centered and
standardization of the variables. Of note from the descriptive statistics are the similarity in mean
police response time across street segments between AVL- and OSRM-TIME-calculated
measures. There were also a tremendous number of streets that contained at least one vacant
parcel (42%) within Kansas City, MO. On average, a given street segment was nearly 11 minutes
removed from trauma care and 8 minutes by car from the nearest patrol station. Each street
segment had an average of 9 non-firearm related crimes over the 5-year study period. Given the
maximum values of the spatial lag variables, there are some street segments within the sample
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that are highly associated with the levels of gun violence at neighboring units – suggestive of
concentration of gun violence at street segments.
Table 8: Independent Variables Descriptive Statistics
Variable
Fatal Shootings
Non-fatal Shootings
Parks
Schools
Bus Stops
Vacant Property
Collective Efficacy
Lighting Conditions
Concentrated Disadvantage
Residential Instability
Ethnic Heterogeneity
Min. Time to Trauma Care
(Minutes)
Min. Police Response
(Minutes)
AVL Police Response
(Minutes)
Bi-Directional Road
Non-local Road
Street Length (Feet)
Spatial Lag – Non-fatal
(Census)
Spatial Lag – Fatal (Census)
Spatial Lag – Non-fatal
(Street)
Spatial Lag – Fatal (Street)
All Crime Activity

Min.

Max.

Mean.

S.D.

560
2,247
5,445
980
2094
14,170
-

0
0
0
0
0
0
-0.78

3
16
1
1
1
1
45.22

0.02
0.07
0.16
0.03
0.06
0.42
0

0.14
0.39
0.37
0.17
0.24
0.49
1.67

-

-0.08

35.92

0

0.42

-

-1.58

2.87

0.12

0.84

-

-1.34

2.36

0.21

0.8

-

-0.87

5.22

0.18

1.01

-

0.03

36.03

10.94

5.99

-

0.34

31.27

8.41

3.6

-

0.02

195.47

8.06

6.08

3,392

0

1

0.10

0.3

3,441

0

1

0.10

0.3

-

2.46

11651.3

522.15

590.36

-

-0.49

7.69

0.81

1.55

-

-0.69

8.95

0.74

1.54

-

-6.52

75.9

0.09

1.27

-

-2.62

40.22

0.04

0.87

324,841

0

2903

9.60

35.84

Count

N = 33,821
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Table 9 reports the bi-variate correlations (Pearson’s test) between all dependent and
independent variables in the analysis. While there were many significant correlations between
variables without many large effect sizes. This lack of large correlation estimates suggest that the
models employed in this examination are at little risk of multi-collinearity. Social
Disorganization Theory informed indices largely reported normal Cronbach Alpha levels,
confirming that the variables included are appropriately loading on one another and capturing the
specific phenomena they are meant to capture. After initial loading tests, percent non-Latinx
black was included in the concentrated disadvantage index as was suggested in Sampson et al.,
(1997). Percent non-Latinx black was strongly and significantly correlated with the other
variables within the index and when included in the index led to an increase in the internal
reliability of the measure (α = .86)1. Indices for Ethnic Heterogeneity (α = .83) and residential
instability (α = .65) also reported acceptable amounts of internal reliability to be included in the
regression analysis.

Alpha measures for Land (1990) derived resource deprivation (α = .89) and Krivo & Peterson (2009)
concentrated disadvantage (α = .91) indices were also found to be internally reliable measures of social
disadvantage and suitable for inclusion in the sensitivity models.
1
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Table 9: Bi-variate Correlations for Dependent and Independent Variables
Variables
(1) Fatal
(2) Non-fatal
(3) Parks
(4) Schools
(5) Bus Stops
(6) Vacant
(7) Coll. Eff.
(8) Light Cond.
(9) NL Road
(10) Con. Dis.
(11) Res. Insta.
(12) Eth. Het.
(13) Prox. Trau
(14) Prox. Patro

(1)
1.00
0.17*
0.02*
0.01
0.05*
0.06*
0.08*
0.01
-0.03*
0.11*
0.04*
-0.01*
-0.07*
-0.08*

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)

(11)

(12)

(13)

(14)

1.00
0.02*
0.02*
0.11*
0.11*
0.12*
0.02*
-0.05*
0.19*
0.08*
-0.00*
-0.13*
-0.16*

1.00
0.03*
0.02*
0.07*
0.02*
0.01*
0.01
0.08*
0.09*
0.06*
-0.17*
-0.03*

1.00
0.03*
0.03*
0.03*
0.01*
-0.04*
0.06*
0.04*
-0.00*
-0.11*
-0.08*

1.00
0.07*
0.00
0.03*
-0.01*
0.09*
0.08*
-0.00*
-0.16*
-0.13*

1.00
0.15*
0.04
-0.18*
0.24*
0.12*
0.03
-0.14*
-0.17*

1.00
0.14*
-0.19*
0.11*
-0.06
0.01*
-0.08*
-0.08*

1.00
-0.07*
-0.02*
-0.04*
-0.02*
-0.01
-0.00

1.00
-0.01*
0.07*
0.01*
-0.01*
0.00

1.00
0.55*
0.26*
-0.51*
-0.44*

1.00
0.11*
-0.44*
-0.36*

1.00
-0.04*
0.05*

1.00
0.54*

1.00
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7.2 Model 1 – Assessing Level 2 Variation of Outcome Variables
The first models ran in the examination of fatal and non-fatal shooting counts at street segments
were run to test whether there is a significant variation in the outcome variables at Level 2 of the
analysis (Census Tracts) to justify the inclusion of neighborhood characteristics. Model 1 was
run twice, once for each outcome variable, fatal and non-fatal shootings over the 5-year study
period. Model 1 was an “empty” model in that it contained no predictor variables from either
unit of analysis. The results for both iterations of Model 1 indicate that there is significant
variation for both fatal and non-fatal shootings across census tracts (Chi-bar2 = 0.000) to justify
the inclusion of a multi-level analysis of fatal and non-fatal shootings.
Level-2 residual variance, as represented by the intercept term, for fatal and non-fatal
shootings were -0.91 and -1.80, respectively. These values generated by the unconditional model
will be used as a baseline measure the explain the importance of Level-1 and Level-2 predictors
in improving the predictive capability of the models. Fatal and Non-fatal models reported Log
Likelihood estimates were -2599.2185 and -6751.9832, respectively, and will be further used to
determine relative increases in model fit provided by the inclusion of additional measures across
units.
7.3 Model 2 – Street Segment Characteristics (Level 1) Results
Model 21 consists of testing for the independent and direct association between street segment
characteristics on fatal and non-fatal shooting counts at street segments. Table 10 reports the
results of the initial fatal shootings analysis. Parks are found to have a significant and positive

1

The inclusion of exposure variables for the total number of shootings at street segments led all models to
fail to converge and was subsequently dropped from the analysis. However, spatial lag measures for both
fatal and non-fatal shootings at both the street and census tract-level unit of analysis were included to
account for the severity of the gun violence problem at micro-units and the influence of nearby units on
shooting counts.
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association with fatal shooting counts at street segments (IRR = 1.28), all other variables held
constant. Street segments with at least one park increase the count of fatal shootings by 28%,
holding all other variables constant. Similarly, streets with one or more vacant buildings increase
fatal shooting counts at street segments by 27% (IRR = 1.29), all other variables held constant.
Contrary to the predicted relationship, Collective Efficacy is found to have a positive and
significant association with fatal shooting counts (IRR = 1.10), suggestive that the measure is
more likely capturing signs of disorder rather than the proactive and collective efforts of a
community to deal with problems (more discussion on this finding in Section 8.3). For every
one-unit increase in lighting conditions, there was a 20% decrease in the count of fatal shootings
(IRR = 0.80), suggesting visibility may play a role in reducing the mortality likelihoods
associated with gun violence. The minimum time to trauma care and police patrol station were
found to be negatively and significantly associated with fatal shooting counts (more discussion
on this finding in Section 8.3). Both the longer the estimated travel time to trauma care and
police patrol stations reduce fatal shooting counts by 6% (IRR = 0.94), all other variables held
constant. If the street segment was classified as a non-local road, the predicted count of fatal
shootings dropped by 51% (IRR = 0.49), all other variables held constant. Five control measures
were found to have direct and significant relationships to fatal shooting counts at street segments.
The length of the street and general crime activity measures had significant but lacked an effect
on fatal shooting counts (IRR=1.00). For every one-unit increase in micro-level fatal shooting
lag values there was an associated 19% increase in fatal shooting counts (IRR = 1.19).
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Table 10: Street Segment Characteristics (Level 1) Results
Model 2
DV – Fatal Shootings (5-Year)
Street Segment Characteristics
IRR
Std. Err.
Z
P<
95% C.I.
Parks
1.28
0.14
2.21
0.03
1.03 - 1.59
Schools
0.97
0.22
-0.14
0.89
0.62 - 1.52
Bus Stops
1.19
0.16
1.31
0.19
0.92 - 1.54
Vacant
1.29
0.14
2.43
0.02
1.05 - 1.59
Collective Efficacy
1.10
0.02
6.25
0.00
1.07 - 1.14
Lighting Condition
0.80
0.08
-2.30
0.02
0.67 - 0.97
Non-Local Road
0.49
0.12
-2.82
0.01
0.30 - 0.81
Min. Time to Trauma (min)
0.94
0.02
-3.50
0.00
0.91 - 0.97
Min. Time to Police Response
(min)
0.94
0.02
-2.55
0.01
0.89 - 0.99
Control Measures
Non-fatal Shootings (5-Year)
1.26
0.06
5.30
0.00
1.16 - 1.37
Bi-Directional Road
0.87
0.13
-0.93
0.35
0.64 - 1.17
Street Length (ft.)
1.00
0.00
5.88
0.00
1.00 – 1.00
Non-fatal - Spatial Lag (Census)
1.11
0.09
1.25
0.21
0.94 - 1.29
Fatal Spatial Lag (Census)
1.16
0.09
1.89
0.06
0.99 - 1.36
Non-fatal - Spatial Lag (Street)
0.99
0.01
-0.78
0.43
0.97 - 1.01
Fatal - Spatial Lag (Street)
1.19
0.01
19.77
0.00
1.17 - 1.21
All Crime Activity
1.00
0.00
3.15
0.00
1.00 – 1.00
Constant

0.39
n

0.16
33,821

-2.34

0.02
LL

0.18 - 0.86
-2288.525

The results for Model 2 when regressing street segment characteristics onto non-fatal
shooting counts was largely the same as Model 2 for fatal shooting counts. Table 11 reports the
findings from Model 2’s non-fatal shooting analysis. The two notable departures are the lack of
significance of parks and significance of bus stops on street segments. Street segments with bus
stops (IRR =1.98), at least one vacant property (IRR = 1.32) both increased the predicted count
of non-fatal shootings. Similarly, collective efficacy had a significant and positive association
relationship with non-fatal shootings counts (IRR=1.07), where every one-unit increase in
collective efficacy led to an 7% increase in non-fatal shooting counts. Every one-unit increase in
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lighting conditions had a predicted 13% decrease in the number of non-fatal shootings (IRR =
0.87). Given the similar significance and direction in the fatal shootings model, this suggests
poor lighting conditions may reduce gun violence in general. The minimum time estimated time
to trauma care (IRR =0.96) and police patrol station (IRR =0.88) were both negatively associated
with street segment counts of non-fatal shootings. For every additional minute a street segment is
removed from trauma care facilities or police response, the count of non-fatal shootings drops by
4% and 12%, respectively, all other variables held constant. This suggests that these facilities are
appropriately placed within the larger constellation of public facilities as both fatal and non-fatal
shootings are less likely to occur the farther a street segment is removed from access to these
resources. Non-local roads (IRR=0.43) were also negatively related to non-fatal shooting counts,
as they were in the fatal shootings model.
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Table 11: Street Segment Characteristics (Level 1) Results
Model 2
DV – Non-fatal Shootings (5-Year)
Street Segment Characteristics
IRR
Std. Err.
Z
P<
Parks
0.95
0.06
-0.69
0.49
Schools
1.18
0.13
1.43
0.15
Bus Stops
1.98
0.13
10.33 0.00
Vacant
1.32
0.08
4.61
0.00
Collective Efficacy
1.07
0.01
7.78
0.00
Lighting Condition
0.87
0.05
-2.73
0.01
Non-local Road
0.43
0.07
-5.33
0.00
Min. Time to Trauma (min)
0.96
0.01
-3.02
0.00
Min. Time to Police Response
(min)
0.88
0.01
-8.09
0.00
Control Measures
Fatal Shootings (5-Year)
2.11
0.15
10.66 0.00
Bi-Directional Road
1.00
0.08
-0.03
0.97
Street Length (ft.)
1.00
0.00
7.45
0.00
Non-fatal - Spatial Lag (Census)
1.25
0.06
4.62
0.00
Fatal Spatial Lag (Census)
1.03
0.05
0.66
0.51
Non-fatal - Spatial Lag (Street)
1.09
0.00
25.55 0.00
Fatal - Spatial Lag (Street)
0.98
0.01
-2.44
0.02
All Crime Activity
1.00
0.00
14.91 0.00
Constant
0.17
0.03
11.46 0.00
n
33,821
LL

95% C.I.
0.84 - 1.09
0.94 - 1.47
1.74 - 2.26
1.18 - 1.49
1.06 - 1.09
0.78 - 0.96
0.32 - 0.59
0.94 - 0.99
0.85 - 0.9
1.84 - 2.42
0.85 - 1.17
1.00 – 1.00
1.13 - 1.37
0.94 - 1.12
1.08 - 1.09
0.96 – 1.00
1.00 – 1.00
0.12 - 0.23
-6050.0788

There were six control variables with significant associations to non-fatal shooting counts
at street segments. The length of a street segment or general crime activity (IRR=1.00) were
related to non-fatal shooting counts as they were in the fatal shootings model. A street segmentlevel spatial lag measure of non-fatal shootings was similarly related to non-fatal shooting counts
(IRR= 1.09); however, a census tract-level spatial lag measure of non-fatal shootings was also
significantly associated with non-fatal shootings (IRR=1.25). This suggests that for this model,
non-fatal shooting counts at street segments are influenced by both neighboring street segment
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counts and neighboring census tract count of fatal shootings. Non-fatal shooting counts were also
predicted to increase for every additional fatal shooting that occurred within the 5-year period
(IRR = 2.11) but decrease if fatal shootings occurred in nearby street segments (IRR = 0.98).
7.4 Model 3 – Neighborhood Characteristics (Level 2) Results
Model 3 consists of testing for the independent and direct association between neighborhood
characteristics and fatal as well as non-fatal shooting counts at street segments. Table 12 reports
the results of the initial fatal shootings analysis. Results indicate that the findings from Model 1
were justified as census tract-level concentrated disadvantage was a significant and positive
predictor of fatal shooting counts at street segments.
Table 12: Neighborhood Characteristics (Level 2) Results
Model 3
DV – Fatal Shootings (5-Year)
Neighborhood Characteristics
IRR
Std. Err.
Z
P<
95% C.I.
Concentrated Disadvantage
2.19
0.29
6.00
0.00
1.70 - 2.83
Residential Instability
1.06
0.13
0.49
0.62
0.83 - 1.36
Ethnic Heterogeneity
0.97
0.06
-0.50
0.62
0.85 - 1.10
Control Measures
Non-fatal Shootings (5-Year)
1.28
0.05
5.85
0.00
1.18 - 1.39
Bi-Directional Road
0.78
0.12
-1.66
0.10
0.58 - 1.05
Street Length (ft.)
1.00
0.00
6.85
0.00
1.00 – 1.00
Non-fatal - Spatial Lag (Census)
1.16
0.09
1.89
0.06
0.99 - 1.35
Fatal Spatial Lag (Census)
1.09
0.09
1.07
0.29
0.93 - 1.27
Non-fatal - Spatial Lag (Street)
0.99
0.01
-1.18
0.24
0.96 - 1.01
Fatal - Spatial Lag (Street)
1.18
0.01
20.23 0.00
1.17 - 1.20
All Crime Activity
1.00
0.00
4.00
0.00
1.00 – 1.00
Constant
0.12
0.04
-6.41
0.00
0.06 - 0.22
-2316.4633
n
33,821
LL

For every one-unit increase in concentrated disadvantage at the census tract-level there
was a 119% increase in the count of fatal shootings at street segments (IRR = 2.19), holding all
other variables constant. Variables measuring census tract-level ethnic heterogeneity and
residential instability were not significantly associated with fatal shooting counts at street
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segments. Four control variables were significant associated with fatal shooting counts at street
segments. For every additional non-fatal shooting within the 5-year study period that occurred on
a street segment, Model 3 predicts a 38% increase in fatal shootings (IRR = 1.28) while the
length of a street segment and general crime activity measures (IRR =1.00) had significant but
non-effects on fatal shooting counts. Street segment-level fatal shooting spatial lag was also
positively and significantly related to fatal shooting counts (IRR = 1.16), confirming the
importance of nearby shooting counts at the street segment-level.
Table 13 reports the results from Model 3’s non-fatal shooting analysis. Non-fatal
shooting counts at street segments were predicted to increase by 146% for every one-unit
increase in census tract-level concentrated disadvantage (IRR = 2.46). As was the case for the
fatal shootings model, census tract-level measures of ethnic heterogeneity and residential
instability were not found to have significant direct effects on street segment-level counts of nonfatal shootings. The length of a street segment and general crime activity (IRR =1.00) had
significant but non-effects. For every one-unit increase in non-fatal shooting spatial lag measures
at both census tract- and street segment-levels there were increases of 22% (IRR = 1.22) and 9%
(IRR = 1.09), respectively, in non-fatal shooting counts at street segments. Finally, similar to
Model 2, for every one unit increase in nearby fatal shooting activity (street segment-level fatal
shooting spatial lags), there was found to be a reduction in the predicted count of non-fatal
shootings by 3% (IRR = .97).
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Table 13: Neighborhood Characteristics (Level 2) Results
Model 3
DV – Non-fatal Shootings (5-Year)
Std.
Street Segment Characteristics
IRR
Z
P<
95% C.I.
Err.
Concentrated Disadvantage
2.46
0.22
10.08 0.00 2.06 - 2.93
Residential Instability
0.92
0.08
-1.07 0.29 0.78 - 1.08
Ethnic Heterogeneity
1.05
0.04
1.35
0.18 0.98 - 1.14
Control Measures
Fatal Shootings (5-Year)
2.36
0.16
12.73 0.00 2.07 - 2.69
Bi-Directional Road
0.88
0.07
-1.51 0.13 0.75 - 1.04
Street Length (ft.)
1.00
0.00
7.79
0.00 1.00 – 1.00
NF Spatial Lag (Census)
1.22
0.06
4.35
0.00 1.11 - 1.33
Fatal Spatial Lag (Census)
1.02
0.04
0.42
0.67 0.94 - 1.11
NF Spatial Lag (Street)
1.09
0.00
26.99 0.00 1.08 - 1.10
Fatal - Spatial Lag (Street)
0.97
0.01
-3.1
0.00 0.95 - 0.99
All Crime Activity
1.00
0.00
13.99 0.00 1.00 – 1.00
Constant
0.04
0.00
-32.82 0.00 0.03 - 0.05
-6172.08
n
33,821
LL
7.5 Model 4 – Full Model Results
Model 4 is the full model which contains predictor variables from both level’s 1 and 2,
representing street segment- and census tract-level characteristics. These predictor variables are
regressed on fatal and non-fatal shooting counts at street segments in separate models, as before,
and allow for discussion for how relevant crime pattern and social disorganization theoryinformed constructs are to micro-level counts of gun violence in Kansas City, Missouri during
the years of (2015-2019). These main models suggest the important influence of census tractand street segment-level characteristics in explaining fatal and non-fatal shooting counts at street
segments, with some differences. Highlighting the importance of this multi-level modelling
strategy are the consistent and influential, in terms of effect size, role that the presence of bus
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stops on street segments and the level of social disadvantage at the census tract-level have on
street segment level counts of fatal and non-fatal shootings.
Table 14 reports the findings from Model 4 as it relates to fatal shooting counts at street
segments. Street segments that have at least one park (IRR = 1.28) were found to increase the
count of fatal shootings at street segments by 28%, holding all other variables constant. For
every one-unit increase in street segment-level collective efficacy, the fatal shooting counts of
street segments increased by 10% (IRR = 1.10), holding all other variables constant. In contrast
to Model 2, street segments with at least 1 vacant property were not significantly associated with
fatal shooting counts at street segments. Every one-unit increase in street lighting conditions led
to a predicted 18% drop in the count of fatal shootings, similar to Model 1. While the
relationship between the minimum estimated time it takes to get to trauma care for a given street
segment remains significant as in Model 2 (IRR = .95), the estimated travel time between a street
segment to a police patrol station is no longer a significant predictor of fatal shooting counts at
street segments2. For every one unit increase in concentrated disadvantage at the census tractlevel there was an 84% increase in the count of fatal street segments, holding all other variables
constant3. While the effect size dropped from Model 2, census tract-level concentrated
disadvantage is still a consistent and influential predictor of street segment-level fatal shooting
counts. Non-local roads (IRR=0.48) report fewer fatal shooting counts at street segments.

2

Sensitivity analyses for both iterations of Model 4 report that proximity to trauma care and police patrol
stations for a given street segment are robust to how proximity is represented. For example, using distance
(ft.) measurements rather than travel time results in the same effect, significance and direction of the
relationship between IV and DV. Proximity measures are not sensitive to network-derived time vs.
network derived distance with the assumption of a 30pm average speed. See Tables E1 and E2 for the
results of the sensitivity analyses.
3
Sensitivity analyses for both iterations of Model 4 report that how concentrated disadvantage is
conceptualized does not change the effect, significance, or direction of the relationship. Census tract-level
concentrated disadvantage has a robust relationship to fatal and non-fatal shooting counts at street
segments. See Tables D1 – D4 for the results of the sensitivity analyses.
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Table 14: Full Model (Level 1 & 2) Results
DV – Fatal Shootings (5-Year)

Model 4

Street Segment Characteristics
Parks
Schools
Bus Stops
Vacant
Collective Efficacy
Lighting Condition
Non-Local Road
Min. Time to Trauma (min)
Min. Time to Police Response (min)
Neighborhood Characteristics
Concentrated Disadvantage
Residential Instability
Ethnic Heterogeneity
Control Measures
Non-fatal Shootings (5-Year)
Bi-Directional Road
Street Length (ft.)
NF Spatial Lag (Census)
Fatal Spatial Lag (Census)
NF Spatial Lag (Street)
Fatal - Spatial Lag (Street)
All Crime Activity
Constant

IRR
1.28
0.95
1.21
1.23
1.10
0.82
0.48
0.95
0.95

Std. Err.
0.14
0.22
0.16
0.13
0.02
0.08
0.12
0.02
0.02

Z
2.25
-0.24
1.45
1.98
6.19
-2.14
-2.91
-2.75
-1.53

P<
0.02
0.81
0.15
0.05
0.00
0.03
0.00
0.01
0.13

95% C.I.
1.03 - 1.59
0.61 - 1.48
0.93 - 1.57
1.00 - 1.51
1.07 - 1.14
0.68 - 0.98
0.30 - 0.79
0.92 - 0.99
0.92 - 1.01

1.84
0.95
0.97

0.23
0.12
0.06

4.91
-0.43
-0.51

0.00
0.67
0.61

1.44 - 2.35
0.75 - 1.21
0.86 - 1.09

1.27
0.86
1.00
1.06
1.09
0.99
1.18
1.00
0.25
n

0.05
0.13
0.00
0.08
0.08
0.01
0.01
0.00
0.10
33,821

5.49
-0.99
5.90
0.83
1.25
-0.83
19.58
3.01
-3.34

0.00
0.32
0.00
0.41
0.21
0.41
0.00
0.00
0.00
LL

1.16 - 1.38
0.63 - 1.16
1.00 – 1.00
0.92 - 1.22
0.95 - 1.26
0.97 - 1.01
1.16 - 1.20
1.00 – 1.00
0.11 - 0.56
-2274.9158

There were four control variables found to be significantly associated with fatal shooting
counts at street segments. For every additional non-fatal shooting observed over the 5-year study
period Model 4 predicts a significant 35% increase in fatal shooting counts (IRR = 1.35) while
the length of a street segment and general crime activity (IRR =1.00) continued to report
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significant non-effects. Finally, street segment-level spatial lags of fatal shootings (IRR = 1.18)
were significantly associated with fatal shooting counts at street segments.
Model 4 when applied to the examination of non-fatal shootings (See Table 15 below)
yields some divergent findings from both previous models and the study of fatal shooting counts.
Like Model 2, the presence of a park on a street segment was not a significant predictor in the
non-fatal shooting model, though it had a consistent significant relationship predicting street
segment-level fatal shooting counts. Bus stops were found to be a consistent and reliable
predictor of a significant increase in non-fatal shootings across models. The presence of at least
one bus stop on a street segment increases the count of non-fatal shootings by 99% (IRR = 1.99),
holding all other variables constant. Street segments that have at least one vacant parcel also
consistently predict an increase in the count of non-fatal shootings by 27%, holding all other
variables constant. A one unit increase in collective efficacy at street segments also significant
increases the count of non-fatal shootings at street segments by 7% (IRR = 1.07). Every one-unit
increase in street lighting conditions led to a predicted 13% decrease in fatal shootings at street
segments. For every additional estimated minute of travel to trauma care or a police patrol station
from a given street segment there was a reduction in non-fatal shooting counts by 4% (IRR =
0.96) and 10% (IRR = 0.90), respectively. The relationship between the proximity to police
patrol stations and non-fatal shooting counts at street segments holds across models, suggestive
of a harm reduction relationship (predictive of less harmful shootings, not both) and the
existence of “police patrol oases” in the same manner as was discussed with trauma facilities in
Circo (2019).
For every one-unit increase in census tract-level concentrated disadvantage there was a
88% increase in the count of non-fatal shootings at street segments, holding all other variables
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constant. The estimated increase in non-fatal shooting counts for every one unit increase in
census tract-level concentrated disadvantage drops by 47% from Model 3, but concentrated
disadvantage remains a robust predictor of street segment-level gun violence. Despite not finding
a direct significant relationship to street segment-level fatal or non-fatal shooting counts,
residential instability was found to have a significant relationship to street segment-level nonfatal shooting counts in Model 4 with all predictors included, holding all other variables constant.
For every one-unit increase in residential instability, non-fatal shooting counts were found to
decrease by 16% (IRR = 0.84), holding all other variables constant. While there was no direct
effect of census tract-level residential instability on non-fatal shooting counts at street segments,
the finding from Model 4 suggests some sort of interactive relationship uncovered from the
inclusion of the street segment-level characteristic variables. Non-local roads (IRR=0.42) report
fewer fatal shooting counts at street segments.
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Table 15: Full Model (Level 1 & 2) Results
Model 4
Street Segment Characteristics
IRR
Parks
0.95
Schools
1.18
Bus Stops
1.99
Vacant
1.27
Collective Efficacy
1.07
Lighting Condition
0.87
Non-Local Road
0.42
Min. Time to Trauma (min)
0.96
Min. Time to Police Response (min)
0.90
Neighborhood Characteristics
Concentrated Disadvantage
1.88
Residential Instability
0.84
Ethnic Heterogeneity
1.06
Control Measures
Fatal Shootings (5-Year)
2.09
Bi-Directional Road
0.99
Street Length (ft.)
1.00
NF Spatial Lag (Census)
1.16
Fatal Spatial Lag (Census)
1.00
NF Spatial Lag (Street)
1.09
Fatal - Spatial Lag (Street)
0.98
All Crime Activity
1.00
Constant
0.11
n

DV – Non-fatal Shootings (5-Year)
Std. Err.
Z
P<
95% C.I.
0.06
-0.70
0.49
0.84 - 1.09
0.13
1.46
0.15
0.94 - 1.47
0.13
10.36
0.00
1.75 - 2.26
0.08
3.88
0.00
1.12 - 1.43
0.01
7.61
0.00
1.05 - 1.09
0.04
-2.88
0.00
0.78 - 0.95
0.07
-5.46
0.00
0.31 - 0.58
0.01
-3.41
0.00
0.94 - 0.98
0.01
-6.62
0.00
0.87 - 0.93
0.14
0.06
0.04

8.23
-2.38
1.65

0.00
0.02
0.10

1.62 - 2.19
0.72 - 0.97
0.99 - 1.13

0.15
0.08
0.00
0.05
0.04
0.00
0.01
0.00
0.02
33,821

10.58
-0.10
7.81
3.59
0.11
26.89
-2.40
14.77
-13.17

0.00
0.92
0.00
0.00
0.92
0.00
0.02
0.00
0.00
LL

1.83 - 2.40
0.84 - 1.17
1.00 – 1.00
1.07 - 1.26
0.93 - 1.08
1.08 - 1.09
0.96 – 1.00
1.00 – 1.00
0.08 - 0.16
-6067.8168

There were six control variables found to be significantly associated with fatal shooting
counts at street segments. For every additional fatal shooting observed across the 5-year study
period there was a predicted 109% increase in the count of non-fatal shootings at street segments
while the length of a street segment and general crime activity (IRR =1.00) reported significant
non-effects. Census tract- and segment-level spatial lags of non-fatal shooting counts (IRR =
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1.16) and (IRR = 1.09), respectively, were significantly associated with fatal shooting counts at
street segments, holding all other variables constant. Finally, fatal shooting spatial lags measured
at the street segment-level continued to exhibit a significant negative relationship to non-fatal
shooting counts (IRR = 0.98).
7.6 Sub-Analysis – Police Response Measured via AVL
In this sub-analysis, AVL generated police response times were included in the full models
alongside OSRM-TIME generated estimated travel times to police patrol stations. Due to data
availability, outcome variables for both models were adjusted to include only those fatal and
non-fatal shootings that occurred from 1 January 2018 to 31 December 2019. Descriptive
statistics from Table 8 reports that the mean response time as estimated by travel time to patrol
station (8.41 minutes) is very similar to the mean AVL-generated response time measure (8.06
minutes), suggestive of construct validity. Model 4 was entirely kept intact except for the
substitution of the AVL-calculated police response time for the OSRM-TIME generated police
response time measure (See Table 16 below)4.
One significant departure from the main analysis was the lack of significance of every
proximity-related variable, including the AVL-generated police response measure. Street
segments with at least one park (IRR = 1.33) or bus stop (IRR = 1.41) were found to be
significantly associated with an increase in fatal shooting counts, holding all other variables
constant. One-unit increases in street segment-level collective efficacy (IRR = 1.09) and census
tract-level concentrated disadvantage (IRR = 1.91) were also found to significantly increase fatal
shooting counts at street segments, holding all other variables constant. Every one-unit increase

4

547 street segment units that were on the periphery of the city boundaries to the south were removed due
to lack of any nearby AVL responses which resulted in a slightly smaller N than in the main analysis.
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in lighting conditions again led to predicted decreases in fatal shooting counts (IRR = 0.81).
Non-local roads (IRR=0.39) report fewer fatal shooting counts at street segments.
Table 16: Full Model – (Level 1 & 2) Sub-Analysis Results
Model 4
DV – Fatal Shootings (5-Year)
Street Segment Characteristics
IRR
Std. Err.
Z
P<
95% C.I.
Parks
1.33
0.18
2.03
0.04
1.01 - 1.74
Schools
0.84
0.27
-0.55 0.59
0.45 - 1.56
Bus Stops
1.41
0.23
2.09
0.04
1.02 - 1.96
Vacant
1.19
0.16
1.29
0.20
0.91 - 1.55
Collective Efficacy
1.09
0.02
4.19
0.00
1.05 - 1.14
Lighting Condition
0.81
0.09
-1.95 0.05
0.65 – 1.00
Non-Local Road
0.45
0.14
-2.65 0.01
0.24 - 0.85
Min. Time to Trauma (min)
0.97
0.02
-1.58 0.12
0.92 - 1.01
Min. Time to Police Response (min)
0.96
0.03
-1.25 0.21
0.91 - 1.02
AVL – Police Response (min)
1.00
0.01
0.77
0.44
0.99 - 1.02
Neighborhood Characteristics
Concentrated Disadvantage
1.91
0.27
4.60
0.00
1.45 - 2.51
Residential Instability
1.01
0.14
0.09
0.93
0.77 - 1.34
Ethnic Heterogeneity
0.91
0.06
-1.30 0.19
0.80 - 1.05
Control Measures
Non-fatal Shootings (2-Year)
1.27
0.14
2.19
0.03
1.03 - 1.57
Bi-Directional Road
0.86
0.17
-0.73 0.47
0.59 - 1.28
Street Length (ft.)
1.00
0.00
4.23
0.00
1.00 – 1.00
NF Spatial Lag (Census)
1.11
0.08
1.42
0.16
0.96 - 1.29
Fatal Spatial Lag (Census)
1.06
0.08
0.80
0.43
0.92 - 1.23
NF Spatial Lag (Street)
1.01
0.01
0.59
0.56
0.98 - 1.04
Fatal - Spatial Lag (Street)
1.17
0.01
13.83 0.00
1.14 - 1.20
All Crime Activity
1.00
0.00
4.03
0.00
1.00 - 1.00
0.04 - 0.28
Constant
0.16
0.06
-3.05 0.00
33,236
-1459.66
n
LL

There were four control variables found to be significantly associated with fatal shooting
counts at street segments. Non-fatal shootings for the 2-year period at street segments were
predictive of a 27% increase in the count of fatal shootings while the length of a street segment
and general crime activity (IRR =1.00) reported significant non-effects. Finally, a street segment135

level spatial lag of fatal (IRR = 1.17) was significantly associated with an increase in fatal
shooting counts at street segments.
The inclusion of the AVL-generated police response measure in the examination of nonfatal shootings led to three important differences from the original Model 4. First, census tractlevel, social disorganization theory-informed constructs change in their significance, with the
exception concentrated disadvantage where the relationship observed in previous models holds.
Second, AVL-generated police response was not found to be a significant predictor of street
segment-level non-fatal shooting counts. Third, street lighting conditions were no longer
associated with non-fatal shooting counts at street segments. Street segments that have at least
one bus stop or vacant property were found to increase the count of non-fatal shooting counts at
street segments by 107% (IRR = 2.07) and 24% (IRR = 1.24), respectively, holding all other
variables constant. Street segment proximity patrol stations continued to be observed to
significantly reduce non-fatal shootings by 10% (IRR = 0.90), holding all other variables
constant. AVL-generated police response time, however, was not a significant predictor unlike
the OSRM-TIME generated measure of police response.
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Table 17: Full Model (Level 1 & 2) Sub-Analysis Results
Model 4
DV – Non-fatal Shootings (5-Year)
Std.
Street Segment Characteristics
IRR
Z
P<
95% C.I.
Err.
Parks
0.87
0.09
-1.34 0.18 0.72 - 1.07
Schools
1.02
0.19
0.10
0.92 0.71 - 1.46
Bus Stops
2.07
0.20
7.44
0.00 1.71 - 2.51
Vacant
1.24
0.11
2.41
0.02 1.04 - 1.48
Collective Efficacy
1.07
0.02
5.00
0.00 1.04 - 1.10
Lighting Condition
0.87
0.06
-1.84 0.07 0.76 - 1.01
Non-Local Road
0.53
0.11
-3.08 0.00 0.35 - 0.79
Min. Time to Trauma (min)
0.97
0.01
-1.89 0.06 0.94 – 1.00
Min. Time to Police Response (min)
0.90
0.02
-4.82 0.00 0.87 - 0.94
AVL – Police Response (min)
1.00
0.00
0.60
0.55 0.99 - 1.01
Neighborhood Characteristics
Concentrated Disadvantage
1.77
0.18
5.68
0.00 1.45 - 2.16
Residential Instability
0.85
0.09
-1.55 0.12 0.70 - 1.04
Ethnic Heterogeneity
1.10
0.05
2.28
0.02 1.01 - 1.20
Control Measures
Fatal Shootings (2-Year)
2.15
0.34
4.89
0.00 1.58 - 2.92
Bi-Directional Road
1.10
0.13
0.79
0.43 0.87 - 1.38
Street Length (ft.)
1.00
0.00
6.09
0.00 1.00 – 1.00
NF Spatial Lag (Census)
1.17
0.06
2.88
0.00 1.05 - 1.29
Fatal Spatial Lag (Census)
1.04
0.05
0.75
0.45 0.94 - 1.15
NF Spatial Lag (Street)
1.09
0.01
17.56 0.00
1.08 - 1.1
Fatal - Spatial Lag (Street)
1.00
0.01
-0.34 0.73 0.97 - 1.02
1-1
All Crime Activity
1.00
0.00
9.10
0.00
Constant
0.06
0.02
-11.36 0.00 0.04 - 0.10
n
33,236
LL -3164.4204

One-unit increases in street segment-level collective efficacy (IRR = 1.08) and census
tract-level concentrated disadvantage (IRR = 1.77) were also found to significantly increase fatal
shooting counts at street segments, holding all other variables constant. In this sub-analysis of
non-fatal shooting counts at street segments, the insulating effect of residential instability did not
remain and was instead replaced by a significant and positive relationship to ethnic
heterogeneity. For every one-unit increase in census tract-level ethnic heterogeneity there was a
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10% increase in non-fatal shooting counts, holding all other variables constant. Non-local roads
(IRR=0.52) report fewer fatal shooting counts at street segments. There were five control
variables found to be significantly associated with fatal shooting counts at street segments with
the length of a street segment and general crime activity (IRR =1.00) reporting significant noneffects. Finally, census tract- and street segment-level spatial lags of non-fatal shooting counts
(IRR = 1.18) and (IRR = 1.10), respectively, were significantly associated with fatal shooting
counts at street segments, holding all other variables constant. Finally, for every additional fatal
shooting observed at the street segment during the abbreviated 2-year study period, there was a
significant increase in the count of non-fatal shootings (IRR = 2.15), holding all other variables
constant.

7.7 Chapter Summary
The multi-level examination of fatal and non-fatal shooting counts un-covered differing
relationships to place-based variables at both the street segment- and census tract-level but also
great consistency. There was also a lack of consistency of the salience of police response time in
predicting fatal shooting counts, with some sensitivity in relationships uncovered based on how
police response time is measured. The presence of a bus stop was a reliable predictor of an
increase non-fatal shooting counts at street segments, both directly and in the main model. The
presence of a park was only a salient predictor of an increase in the count fatal shootings rather
than non-fatal shootings and this relationship was consistent. In contrast, the presence of at least
one vacant building was a consistent predictor of an increase of non-fatal shooting counts but
was no longer significantly associated with fatal shootings with the inclusion of census tractlevel measures of social disorganization theory-informed constructs. There was a remarkable
amount of consistency in terms of effect size and significance across all models for both shooting
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types when it comes to measures of census tract-level concentrated disadvantage and street
segment-level collective efficacy, with some important nuance. Street segments with higher
levels of census tract-level concentrated disadvantage were routinely predicted to have higher
counts of fatal and non-fatal shootings and this measure was not sensitive to how social
disadvantage was conceptualized. While street segment-level collective efficacy was similar in
terms of consistency in effect size and significance, as well as the direction of the relationship,
the observed finding suggests this measure is capturing a separate social phenomenon. As has
been suggested, this measure that is generated from 311 calls is most likely capturing disorder
given the direction of the relationship (See Section 8.3 for more discussion). Further evidence for
this contention stems from findings from the Bi-variate Pearson correlation table which find that
concentrated disadvantage and collective efficacy have a positive and significant correlation to
one another. In previous work, concentrated disadvantage and collective efficacy have
significant and negative associations to one another (Sampson et al., 1997), like the relationship
between collective efficacy and gun violence (Magee, 2020). The proximity to trauma care for a
given street segment in terms of estimated travel time was a consistent and reliable predictor of
fatal and non-fatal shooting counts at street segments, but this relationship was no longer
observed in the sub-analysis.
In the final sub-analysis, which featured the use of an AVL-generated police response
measure, the proximity to trauma care was no longer found to be a significant predictor of either
shooting type. The OSRM-TIME-generated police response measure was also not a significant
predictor of fatal shooting counts in the main analysis, and this held in the sub-analysis when the
AVL-generated police response was included. Overall, the effect of police response may or may
not have a significant effect on fatal shootings, but the relationship to non-fatal shootings may be
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sensitive to how response time is measured as the OSRM-TIME generated police response
measure retained its significant relationship to non-fatal shootings. The sub-analysis does
confirm the relationship between proximity to police patrol stations and the potential for “police
patrol oases” given their continued relationship to non-fatal shootings and lack of relationship to
fatal shootings (more discussion on this in Section 8.3). In the following chapter, the results
presented in the previous three chapters will be discussed in terms of their importance and
implications, providing further context in terms of the theoretical and empirical literature bases
they contribute to, but also how they relate to the research questions within this dissertation.
Using the intercept term to examine the residual variation across level 2 units, we see that
the inclusion of street-segment level variables (Model 2) drastically reduces the amount of
residual variation from the unconditional model (Model 1) for both response variables. The
inclusion of measures from both units of analysis in Model 4 further reduces the amount of
residual variation across level 2 units. These results provide evidence that while street segment
characteristics account for a large proportion of the variance between observed and model
predicted values, the inclusion census tract level measures of disadvantage further improves the
predictive capacity of the model (by reducing level 2 residual values). When comparing the
difference in log likelihoods between models, there is a corollary movement of values closer to
0, suggestive that model fit improves greatly with the inclusion of street segment characteristics
when compared to the unconditional model, but that the inclusion of census tract-level
disadvantage provides further gains in model fit. Like Jones & Pridemore (2019), the inclusion
of measures of from both units of analysis led to the best fit model with the lowest remaining
residual variation across level 2 units, providing additional empirical support for the continued
use of multi-level modelling procedures when examining variation of crime at micro-places.
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More specific to this dissertation, the inclusion of micro-level opportunity measures with censustract level social disorganization significantly improves the predictive capacity of models for
both response variables and provides support for the combined use of these theoretical constructs
in examining variation of gun violence at micro-places.
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Chapter 8: Importance and Implications
8.1 Importance of Examining Shooting Typologies at Micro-places
This dissertation observed that fatal and non-fatal shootings differ in terms of the degree of
concentration. This observation provides the foundation for the examination of what may be
contributing to the observed dissimilarity of spatial patterning that had been previously reported
(Hipple et al., 2019). Perhaps more importantly, this initial measure of the degree of
concentration provides support for fatal and non-fatal shootings as distinct social phenomenon.
Results from Chapter 5 show that fatal and non-fatal shootings do indeed concentrate to differing
extents, and that extending the law of crime concentration to both shooting types depends on
how the LOCC is defined. For example, most fatal shootings occur in a small number of units
from year over year, which is satisfactory for inclusion based on Weisburd (2015). However,
when examining the concentration of fatal shootings at places where fatal shootings have
occurred, it is apparent that fatal shootings tend towards dispersion rather than concentration.
This finding makes fatal shootings unsuitable for generalization of the LOCC as per Bernasco &
Steenbeek (2017)’s definition. Most shootings that occur within a city are non-fatal in nature and
the previous focus on homicides within the empirical literature and among practitioners has led
to a mischaracterization of the gun violence problem within urban areas, but the implications of
these findings are limited to Kansas City, MO.
Taking into account the limited geographic generalizability of these findings, the lack of
concentration of fatal shootings is a problematic finding for the LOCC research base. From a
social harm perspective, a fatal shooting represents the greatest amount of social harm per
incident that a community can experience. The lack of concentration of the most harmful crime
type within the criminological literature poses a significant gap and makes the implications of the
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LOCC in terms of social harm, limited. While fatal shooting concentrations were temporally
stable, which is another pre-requisite of the LOCC, it is only consistent in its dispersion. The
LOCC and associated studies that have observed crime to concentrate stably at micro-places are
the basis of the hot spots policing literature and provide much of the empirical evidence
supporting claims to the efficiency of the crime prevention strategy. If the foundation for hot
spots policing does not extend to fatal shootings, it limits the generalizability of results of hot
spots policing strategies to reduce social harm and thus, it’s importance within the criminological
literature. Instead, different forms of policing will have to be developed to address such
dispersed and rare events that are less predictable in terms of year-to-year spatial distribution.
Much as proposed by Hipple et al. (2019), fatal shootings concentrate to a different extent
to non-fatal shootings in Kansas City, MO and are likely different social phenomenon given the
results of this dissertation. Summers et al. (2017) makes this distinction of “outdoor serious
violence” with other forms of violent offending, and this schema could be applied to gun
violence as well. As Wheeler (2016) found that mortality likelihoods increase when gun violence
occurs indoors due to the increased spatial proximity but also the likely difference in
interpersonal relationships between victims and offenders between incidents that occur indoors
vs. outdoors.
In terms of practice, identifying crime concentrations at micro-places for cities is a
potentially fruitful way for informing the priorities for police organizations in addressing certain
crime types in addition to informing public service delivery responses aimed at alleviating social
problems (Johnson, 2010). For example, crimes that concentrate at fewer micro-places and more
intensely may be prioritized by municipalities due to the specific spatial parameters of the social
problem. Service delivery may be more efficient due to the spatially concentrated nature of the
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problem at hand and the strategy and tactics are thus narrowed to suit the issue at hand but also
establishes the problem as affirmatively place-based in nature.

8.2 Importance of Examining the Composition of Gun Violence Hot Spots
The second research question addressed in this dissertation involves the operationalization of
micro-place crime concentrations as “hot spots” and examining the spatial overlap of
concentrations of fatal and non-fatal shooting typologies. By examining the extent to which fatal
and non-fatal shooting concentrations overlap at micro-places, this dissertation builds off the
previous research question that established the spatial concentration of both shooting typologies.
Specifically, this research question is posed as a further test of whether fatal and non-fatal
shootings are truly separate categories of firearm-related crimes or should be treated as a
monolith category in terms of their spatial patterning. Further, research question two is a test of
whether the inclusion of non-fatal shootings into examinations of gun violence is completely
necessary. In other words, should fatal and non-fatal shooting concentrations significantly
overlap, does that suggest that fatal shootings are merely a sample of all shootings and
distinguished from the larger population by the bad luck of the victim and skill of the offender?
Should fatal and non-fatal shooting hot spots fail to overlap, this suggests that there are
unique social processes related to the characteristics of street segments or the neighborhoods
they are contained in that are influencing this spatial patterning. In addition, if the composition of
gun violence hot spots vary, policing strategy and tactics will need to be tailored to fit hot spots
of different types (Clarke, 2008). Highlighting the importance of understanding the composition
of hot spots is the lack of understanding as to which type of tactics are most effective for each
crime type hot spot within the research literature (Telep & Weisburd, 2012). Previous research
has also warned that a lack of nuance in terms of understanding the characteristics of hot spots
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could also lead to gross misallocations in already scarce public resources (Haberman, 2017;
Hipple et al., 2019). Results from this dissertation indicate that a gun violence prevention
strategy predicated upon the spatial patterning of fatal shootings would capture only a small
fraction of all non-fatal shootings and leave the majority of the gun violence problem for a city
un-addressed. Given non-fatal shootings drastically outnumber fatal shootings by a factor of 3-4x
in any year and that they largely occur in different micro-units, previous work examining gun
violence would be seriously mis-characterized the scope of the gun violence problem for a given
municipality. If practitioners only consider fatal shootings (homicides) they are missing much of
the gun violence present within their city and may be missing hot spots that have yet to turn fatal.
Furthermore, research question two, then, provides the foundation for the examination of
the likely place-based correlates that explain the spatial patterning of gun violence. Previous
research has observed that if hot spots of different crime types are geographically dispersed, and
are not occurring in the same places, that they may differ in their theoretical origins (Clarke,
1980; Clarke & Cornish, 1986). Results from this study confirm that there is a lack of overlap
among different types of crime by observed a lack of co-location between fatal and non-fatal
shootings at hot spot units. Results discussed in Chapter 6 justify the use of place-based variables
to attempt to understand these differences given the difference in spatial patterning that was
remarked upon throughout Chapter 5. In this dissertation, shooting hot spots were not found to
be alike in composition and were often found to be composed of different types of shootings with
different associations to social harm. The results from Chapter 6 highlights the need for gun
violence prevention efforts to be specific with regards to which type of shooting they are
proposing to prevent. Chapter 6 also highlighting the importance of choosing the most
appropriate way to identify hot spots for the needs of police organization. There was a drastic
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difference in the number of hot spot units identified, and the cumulative total of shootings
captured by hot spot strategies employed in Chapter 6. Therefore, depending on the availability
of resources and the type of shooting trend that gun violence interventions are being tailored to
address, hot spot identification strategy choice is important (more on this discussion in Section
8.8).

8.3 Importance of Examining the Place-based Correlates to Fatal Shootings
The third research question builds on the previous research questions and explores the likely
place-based correlates that explain the spatial patterning of fatal and non-fatal shootings.
Specifically, by first confirming that both shooting typologies concentrate at micro-places and
determining the extent that their spatial patterns overlap, this dissertation determines the extent to
which the characteristics and context of micro-places may explain the observed spatial patterns.
Research question three includes the exploration of association among variables not
typically used in the criminological literature to explain gun violence rates at micro-places.
Police response has traditionally been examined in terms of its relation to crime control efforts
(Coupe & Blake, 2005) but may be associated with fatal shootings given the role of police
officers as first responders (Hatten & Wolff, 2020). Similarly, proximity to trauma care is an
important aspect of the public health literature that explains the variation in mortality likelihoods
for traumatic injuries and has only recently been used to explain differences in gunshot wound
mortality likelihoods (Crandall et al., 2013; Hatten & Wolff, 2020). Both operational processes
are re-fashioned for the current dissertation to capture micro-place characteristics that are
associated with post-incident outcomes of gun violence and explain micro-level variation in fatal
shootings. While proximity to trauma care was a significant predictor of fatal and non-fatal
shooting counts, the relationship was in an opposite direction than expected.
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Proximity to trauma care and police response time were found to be inversely related to
non-fatal shooting counts, suggesting that the farther a street segment is removed from these
public resources the less likely they are to experience non-fatal gun violence. Proximity to
trauma care was similarly related to fatal shooting counts at street segments. These results imply
that these resources are appropriately placed within the street network of Kansas City, MO and
that public officials have perhaps historically allocated resources to places with greater social
disadvantage. Indeed, proximity to trauma care is inversely related to census tract-level
concentrated disadvantage (See Table 7.1.2) meaning that longer the estimated travel time to a
trauma care facility is for a street segment, census tract-level concentrated disadvantage
decreases. This relationship to census tract-level concentrated disadvantage is similar for police
response and suggests that these public resources are being allocated to places that exhibit the
highest levels of social disadvantage.
These results are placed within a growing literature that finds that the closer victims are
to trauma care centers, the lower their gunshot wound mortality likelihoods (Hatten & Wolff,
2020) but more in line with the findings of Circo (2019). Specifically, Circo (2019) found that
the closer a given block-groups was to trauma care facilities predicted an increase in non-fatal
shootings, like the findings in this dissertation. The results from Section 7.5 then finds support
for the creation of “trauma oases” where the presence of trauma care centers generate non-fatal
shootings and may reduce social harm. However, proximity to trauma care exhibited a similar
consistent relationship to fatal shootings, muddying the picture. These results are not to say that
trauma care centers are creating fatal shootings, but instead are appropriately geographically
situated. The removal of trauma care centers may in fact reverse this relationship by increasing
travel times as was observed in Chicago, IL by Crandall et al. (2016). Estimated police response
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time was sensitive to how the variable was measured by source of the data, but both the main and
sub-analysis models in Section 7.5 suggest that places with best access to police patrol stations
are likely to generate more non-fatal shootings but not fatal shootings, suggesting that police
patrol stations and by proxy, police response, may play a role in the reduction of social harm via
the process of facilitating the conditions to allow for the transport of victims to trauma care. This
relationship between non-fatal shootings and police patrol stations suggests that a similar
dynamic to Circo (2019) found with trauma care facilities. Specifically, the allocation of police
patrol stations in space may be creating “police patrol oases” where non-fatal shootings are less
like to result in fatalities because of the proximity to trauma care. In Kansas City, MO it is likely,
due to the relationships observed, that gun violence incidents are more likely to be non-fatal
because of police arriving on scene quickly, securing the scene, and allowing for the swift
transport of gunshot wound victims as hypothesized in this dissertation.
Theoretically, given these variables are associated with micro-level fatal shooting
variation, it would suggest a more inter-disciplinary approach to the study of gun violence.
Further, given the likely importance of street segment characteristics in predicting micro-level
fatal shootings, this dissertation provides further support for examining gun violence as a microlevel phenomenon. In terms of social harm, this dissertation provides support for the inclusion of
place-based variables in the examination of social harm. Some place-based variables have
differing relationships to more harmful incidents (fatal shootings) than less harmful incidents
(non-fatal shootings). For example, streets with at least one park were found to predict a
significant increase in fatal shooting counts but were not significant predictors of non-fatal
shooting counts. This suggests that there are aspects of parks that increase the harm associated
with gun violence. Whether that be the relatively inaccessibility of parks to patrol vehicles or the
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difficulty in locating gunshot wound victims in places without street signs or recognizable places
of interest to help responders navigate the space. Conversely, streets with vacant parcels
significantly increased the predicted count of non-fatal shootings at street segments but not fatal
shootings, suggesting they contribute to less harmful forms of gun violence. This is likely
because vacant parcels still exist within the known street network with easier locational accuracy
for first responders to get to scene. Prevention efforts then, may focus on parks to reduce the
harm associated with gun violence and perhaps improve signage and the capacity of responders
to access these places that are often outside the traditional street network. Street lighting
conditions had a consistent dampening effect on both shooting types at street segments. This
finding suggests that poor lighting conditions and a lack of visibility makes reduces the
opportunity for serious outdoor violence. Prevention efforts cannot be simply to reduce overall
visibility but the increase in calls associated with lighting conditions may be capturing a different
phenomenon given that the measure was negatively associated with measures related to social
disorganization. This suggests that more social organized areas are calling more about lighting
conditions and engaged with community affairs, which may explain why this measure ostensibly
had a dampening effect on gun violence.
The consistent significant and positive association to street segment-level collective
efficacy to both fatal and non-fatal shootings is contrary to the empirical literature and brings
about an important discussion into the nature of 311 calls and their relationship to collective
efficacy. Previous studies employing micro-unit proxies for collective efficacy have used voter
registration records suggesting that the act of voting is representative of a commitment to the
involvement in local affairs and thus, the places individuals routinely inhabit (Weisburd et al.,
2014). Indeed, they suggest that voting consistently over time captures the extent to which
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individuals exhibit self-efficacy, believing that their vote matters in the choosing of local
representatives that will support their interests, uphold norms that are dear to them. The extent to
which places have individuals who routinely vote, then, exhibit greater collective efficacy than
others that do not. Individuals who call 311, while it can be interpreted as an act of self-efficacy
in that people believe their actions will result in changes that uphold the norms they cherish, may
in fact be representative of their reliance on formal controls to solve community problems.
Collective efficacy has historically provided an insulating effect to crime problems and
homicides (Sampson et al., 1997; Magee, 2020), but this study found the opposite. This suggests
that the 311-derived collective efficacy measure was capturing the extent to which individuals at
street segments lacked the social cohesion to informally deal with issues within their microcommunities, instead relying on government services to accomplish the task. Bi-variate
correlation results from Table 7.1.2 report a significant and positive association between census
tract-level concentrated disadvantage and the collective efficacy measure providing further
support for the contention that 311 calls are more likely capturing levels of disorder.
Neighborhood characteristics, like social disadvantage was found to have a robust
relationship to both fatal and non-fatal shootings, supportive of the social disorganization
tradition model of crime causation. While there were no direct effects of neighborhood-level
residential instability on street segment-level fatal or non-fatal shootings, there was a relationship
observed in Model 4. This finding suggests an interactive relationship between neighborhoodand street segment-level characteristics that influences non-fatal shooting counts, but also tells us
something about the role of social ties in the generation of gun violence incidents. For example,
given that residential instability contributes to non-fatal shooting counts, it is likely that the lack
of long-standing social ties leads to different types of gun violence that occurs outside and
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between groups that are relatively unknown to each other leading to different and less harmful
gun violence scenarios.
Practically speaking, research question three has direct implications for the current
allocation of public resources by police and public health organizations. Specifically, the results
will likely point to a further integration or collaboration of criminal justice and public health
systems. Research question three also has implications for the study of hot spots and its overlap
with other public health hot spots like opioid overdoses (Carter et al., 2018) or physical and
mental health disorder hot spots (Weisburd & White, 2019). Gun violence is a social
phenomenon that spans both the fields of criminology and public health due to the role that both
police and trauma care play in the outcomes of gunshot wound victims and this dissertation
directly examines this overlap.
8.4 Methodological Contributions – RQ1
Much of the early work in both developing and validating the law of crime concentration used
simple descriptive statistics to identify the cumulative proportion of crime in relation to the
cumulative proportion of places. This dissertation has several methodological contributions to
the study of micro-level crime concentration and generalizing the law of crime concentration. It
is the first examination of fatal and non-fatal shootings as disaggregated shooting types that takes
place at the micro-level. Also, compared to previous attempts at measuring the concentration of
fatal and non-fatal shootings this dissertation examines data over a much longer period (5 years)
compared to Hipple et al., (2019) (2 years). The longer study period speaks to the stability of the
observed concentration estimates over time that has previously been missing. Results indicate
that there is stability over time no matter how concentration is estimated, which may reduce the
need for future studies to use longitudinal datasets of great temporal length.
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This dissertation also improves on previous attempts to generalize the law of crime
concentration by not relying on descriptive statistics or arbitrary cut-offs for the reporting of
crime concentration. For example, rather than merely reporting the number of streets it takes to
account for 50% of all shootings, by calculating generalized Lorenz Curves, this dissertation
comprehensively describes the concentration of shootings at micro-places for every cumulative
percentage of shootings. The corresponding generalized Gini Coefficients also provide measures
of concentration that allow for contextualization within the larger social sciences, given its use in
other fields (Bernasco & Steenbeek, 2017).
The use of the generalized form of Gini coefficient is a further methodological
contribution, given the historical reliance on simple descriptive statistics when generalizing the
LOCC. Generalized Gini estimates give analysts the capacity to measure the concentration of
sparse events and get more conservative, but realistic estimates of concentration. This process
will be increasingly important as crime types are further parsed out from larger categories, like
the current analysis, that is one of the core requirements for generalizing the LOCC -the
specificity of crime type.
8.5 Methodological Contributions – RQ2
Like the methodological contribution of research question one, the length of the study period
makes this examination of gun violence hot spots capable of speaking to the stability of the
patterns. Haberman (2017) used one year of crime data in his analysis and has noted this lack of
additional years as a limitation when interpreting the results. More generally, this dissertation
improves on previous examinations that have focused on the stability of spatial patterns over
time, to the neglect of the concentration of said patterns. Harinam (2020) has noted this gap in
the research by reporting how homicide trends will spatially become more diffuse over time
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while also becoming more concentrated. However, both concentration and co-location estimates
were found to be stable over time, making the need for longer longitudinal studies perhaps
superfluous. Co-location estimates were remarkably consistent over time by hot spot
identification strategy.
8.6 Methodological Contributions – RQ3
The examination of the likely social processes that are contributing to the variation of fatal
shootings at micro-places contributes to the research literature largely through the measurement
and operationalization of proximity measures included in the regression analysis. The use of
AVL data to measure police response time likely gives this dissertation the most accurate
measure of police response previously attempted, despite only being available for a portion of
the study period (but included in a sub-analysis). Previous efforts have examined CAD data
almost exclusively (Cihan, 2013; Cihan et al., 2014) and one notable except used travel time
estimates (Hatten & Wolff, 2020) and used these as proxies for first responder response time.
This dissertation further parses out the unique role that police responder sites play by only
focusing on police patrol stations, rather than the larger first responder universe that includes
EMT ambulance posts and fire stations. The similarity in terms of mean response time between
AVL- and OSRM-TIME-generated police response, though, suggests that the use of AVL data
may a relatively inaccessible way to assess the allocation of resources in space.
This dissertation also uses a relatively new proxy to represent the level of collective
efficacy at micro-places that had previously been found to be negatively associated with microlevel shooting counts (Magee, 2020). Using 311 calls as collective efficacy makes the study of
the phenomenon much easier in terms of measurement and may lead to a proliferation of new
studies testing social disorganization theory. However, given the results of this study, the
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discussion between whether 311 calls are proxies for disorder or collective efficacy is ongoing.
The use of spatial lags at both the census tract- and street segment-level were also found to be
consistently significant predictors, if only controls, of fatal and non-fatal shootings. The
significance of these spatial lags highlights the importance of their inclusion within regression
models but also the spatial nature of gun violence. Finally, separating fatal and non-fatal
shooting counts as outcomes variables, rather than relying on aggregated counts of shootings is
the final methodological improvement. Whereas there were few differences across outcome
variables in terms of significant relationships to place-based variables, the few differences
identified could be useful in terms of informing place-based strategies that are tailored towards
either form of gun violence.
8.7 Proposed Impact on Theory
This dissertation addresses several gaps within the field of criminology. Results indicate that
non-fatal shootings concentrate to a greater degree at micro-units than fatal shootings, and
previous examinations that neglect non-fatal shootings or aggregate shooting types into a
cumulative category may be smoothing over important differences in concentration. The
relatively sparse nature and dispersion of fatal shootings was not foreseen but borne out by the
examination undertaken in Chapter 5 and provides initial evidence for the different social
processes that create fatal and non-fatal shootings. Due to the confirmed concentration of nonfatal shootings at micro-places, they are suitable to interpretation from place-based micro-level
theories of crime causation. On the other hand, the suitability of place-based micro-level theories
for explaining fatal shootings is less clear. While several place-based variables at the census
tract- and street segment-level were associated with fatal shootings, the spatial patterning of fatal
shootings suggest that aggregation to larger units of analysis than street segments may uncover
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different patterns. Thus, fatal shootings may be more suited to be explained by meso-level
theoretical frameworks that focus on neighborhood or census tract-level processes.
Related to an increased emphasis on micro-level explanations for gun violence, this
dissertation also represents an additional study that has sought to integrate social disorganization
and crime pattern theories. Researchers have increasingly called for the theoretical integration of
both frameworks (Weisburd et al., 2014; Braga & Clarke, 2014) but the shared emphasis on
social control had been identified for some time (Bursik & Grasmick, 1993). Given the increased
use of social disorganization theory to explain micro-level explanations, examinations that
employ both frameworks come much closer to representations of what Brantingham &
Brantingham (1993) referred to as the “environmental backcloth”. Much like in Jones &
Pridemore (2019), model performance as at its highest when both social disorganization and
crime pattern theory constructs were included in the model, finding further support for the
development and inclusion of the environmental backcloth to explain crime patterns at microplaces. Further, the several significant associations between place-based variables from both
theoretical perspectives provide evidence for the continued relevance of these theories in
explaining micro-unit variation in crime.
While exploring the place-based correlates to fatal shootings, this dissertation also
introduces new forms of resource deprivation and social disadvantage that had previously gone
unacknowledged by the field. For example, current indices of social disadvantage often focus on
socio-demographic trends or employment status (Sampson et al., 1997; Land et al., 1990; Krivo
& Peterson, 2009), while the focus of this dissertation is on residents often being unable to
access publicly available resources. All taxpayers contribute to paying and building public
resources, yet this dissertation provides evidence that subsequent access to said resources is often
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predictably more difficult for socially disadvantaged individuals and the places they reside.
Future studies should continue to broaden the discussion of what is and contributes to social
disadvantage, as it has real implications for the development of crime patterns at place. To that
end, proximity to trauma care, while largely studied from a public health framework, now has the
foundation to be studied as place-based phenomenon. Specifically, proximity to trauma care is a
micro-level phenomenon and a characteristic of places and should be measured and studied as
such.
The new aspects of social disadvantage employed in this dissertation could also offer a
new conceptualization of informal social control that has previously been almost entirely
neglected within the criminological literature. Specifically, this dissertation provides both a new
conceptualization and measurement of public forms of informal social control first proposed by
Hunter (1985) and later built upon by Bursik & Grasmick (1993). Public forms of informal social
control have been largely neglected within the field of criminology and this dissertation while
not a direct measure of the extent to which places are connected to the allocators of public
resources, the primary independent variables do act as measures of how successful places were
in the fight for scarce resources.

8.8 Proposed Impact on Practice
This dissertation has several implications for practitioners within the criminal justice and public
health fields. First, specificity matters when defining crime problems. Given the likelihood that
fatal and non-fatal shootings are separate social phenomenon that aggregate in different
intensities and are largely located in different places, hot spot-informed crime prevention
strategies will vary in their effectiveness. The results from the dissertation also support the drive
for crime type specificity due to the nuance uncovered when it comes to the composition of
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shooting hot spots. As fatal and non-fatal shootings are unlikely to co-locate at micro-units, gun
violence prevention strategies should be specific as to which form of gun violence they are
attempting to address as they are unlikely to be able to employ a place-based policing strategy
that addresses a large cumulative proportion of both simultaneously.
Second, identifying spatial patterns among sparse data is a difficult task and more reason
to employ a robust hot spot identification strategy. In addition to being crime specific, hot spot
identification strategies should strike a balance between being specific enough in terms of
number of units identified but also capturing a large enough percentage of the universe of
shootings, to effectively leverage the pareto principle that hot spots policing is based on. With
the existence of the “de-fund the police” rhetoric, scarce resources for police organizations are
not likely a historical trend but one to prepare for in the future. Therefore, the most efficient and
effective place-based strategies must be used to have the greatest impact on urban crime. Crime
analysts must be wary, however, when it comes to the size of units and comparability across
strategies, given the differences observed between street segments-derived and aggregated hot
spot units. Due to the assumptions of the aggregated hot spot unit’s strategy, fewer hot spot units
of both types were identified compared to those strategies that are focused on street segments,
but they were larger in size which has the potential to create more diffuse and less efficient hot
spot-informed gun violence prevention strategies.
More specifically in terms of policing tactics, foot patrol strategies have been found to
reduce violent crime with little displacement of violence (Piza & O’Hara, 2014) could be
implemented to reduce non-fatal shootings, given the concentration of non-fatal shootings at
micro-places. The increased police presence may also be captured by the proximity to police
patrol given the observed dampening effect on non-fatal shootings. Specifically, the increased
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proximity to police patrol stations was significantly associated with fewer non-fatal shootings,
and instead may be capturing instead a “sentinel effect” whereby there are fewer gun violence
due to increased police presence. Also, due to the preponderance of non-fatal shootings, though
concentrated, presents a situation where, due to the retaliatory nature of gun violence, may create
a cycle of violence due to lower gunshot wound mortality. This calls for the need for increased
collection of evidence related to National Incident Ballistics Network (NIBN), including shell
cases and gun recoveries to attempt to prosecute individuals partaking in gun violence. In
particular, due to the concentration of non-fatal shootings at street segments, evidence collection
should similarly be concentrated at these places and suggests a new deployment scheme for
forensic teams.
This, place-based interventions may vary in their effectiveness due to the difference in
associated risky facilities to fatal and non-fatal shooting counts at micro-places. for example,
fatal shootings are related to parks, whereas vacant properties are more consistently related to
non-fatal shootings – interventions could use these insights to tailor their place-based
interventions. These interventions could span both the allocation of police resources, but also
emergency care in the form of the spatial allocation of ambulance posts or dynamically
implemented mobile emergency services. The consistent relationship between trauma care
centers and non-fatal shootings is increasingly salient given that the closer street segments and
census blocks are to trauma care there are increasing counts of non-fatal shootings, suggesting
these resources are reducing social harm in communities at varying units of analysis. Analytical
frameworks like the one employed in Chapter 7 could provide a relatively computationally
approachable way to assess the allocation of medical resources in space for urban planners.
Future work could also use these measures of proximity to assess how to allocate resources in
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space but also identifying the facilities that provide the greatest contribution to reducing social
harm.
8.9 Chapter Summary
The current dissertation offers much guidance for practitioners in the operational response to gun
violence. First, in terms of service delivery, it is likely that police and other first responders will
need to employ a hot spot identification strategy not to proactively police to prevent shootings
necessarily, but to prevent fatal shootings. This dissertation suggests that proximity to essential
public resources and the outlay of the street network may influence the generation of shootings,
in general, but will generate both non-fatal and fatal shootings. Thus, these aspects of the built
environment area critical for the generation of non-fatal and fatal shooting hot spots but
operational processes like non-fatal shootings may contribute to the reduction of social harm
given their lack of association with fatal shootings.
In general, further confirms the likely efficacy of hot spots policing (Braga et al., 2014),
but provides further nuance in terms of the composition of gun violence hot spots. While little is
known as to the most effective tactics for preventing crimes, by influencing police response time
and the time it takes to get to trauma care, municipal governments can impact the homicide rate
for their city. These two processes are essentially tactics by which non-fatal shootings stay nonfatal and as such, influences the homicide rate via directly addressing the factors that generate
fatal shooting trends at micro-places.
Further collaboration between criminal justice and public health practitioners will be
essential to mitigate the effects of gun violence, and this dissertation provides two ways in which
to accomplish this feat. This dissertation suggests that by decreasing the response time of police
and the decreasing police response time will lead to the generation of non-fatal shootings, but not
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necessarily fatal shootings. The surgical field has some idea of how to accomplish this, as
detailed in a research base that debates the merits of “stay and play” vs. “scoop and run”. Stay
and Play is essentially bringing trauma care to the victim, while Scoop and Run is bringing the
victim to trauma care. Within this literature, there are merits to each framework but the inclusion
of trauma care professionals in the response to gun violence is likely an effective alternative to
further pressing police officers to become trained in the techniques of trauma care. Recent calls
to de-fund the police are particularly problematic given their role as first responders and may
hamper collaboration efforts. Particularly with the inclusion of trauma professionals in the
response to gun violence, this is likely an expensive endeavor.
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Chapter 9: Limitations
9.1 Measures of Proximity to Police Response and Trauma Care
Two of the primary independent variables, specifically the proximity to police response and
trauma care measures are subject to several limitations. First, proximity measures related to the
physical distance of the street segment to trauma care facilities is developed based on the
minimum estimated, assuming the ideal route of travel (assuming 30mph travel speed).
Similarly, for the estimated travel time between street segments and trauma care facilities rely
upon the minimum estimated time based on this ideal routing. In practice, these measures would
be subject to both traffic conditions, construction delays, and differences in speed. The skill of
the transportation agent would likely also influence the variation in times. However, these
proximity measures represent not the individual incident travel times and distances but instead
what is likely a conservative estimate. As these measures are place-based and represent proxies
for community resource deprivation, they are also less attempting to capture individual variation
than the likely social disadvantage experienced by victims of gun violence at micro-places that
are more distant from trauma care facilities. Sensitivity measures that define proximity based on
distances yielded the same results as those based on minutes, which bodes well for construct
validity given that the distance measure is only based on a single assumption, the most efficient
route, rather than also relying on the estimated speed.
This dissertation also argues that by not relying on EMS, self-reported measures of travel
times, this measurement strategy is more consistently applied across the units of analysis and
thus, more reliable. To that effect, this dissertation argues that estimates of proximity to police
response and trauma care are less likely to be biased in a systematic way. To overcome these
issues, this dissertation employs an additional sub-analysis that includes a measure of AVL-
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generated police response time. The AVL-generated police response measure had limitations as
well given so few street segments have reported shootings or shots fired calls, there was a need
to create an inverse distance weighting raster image based on the available data to extend out to
street segments throughout the city (more on that process in Section 4.7). However, these
estimated police response times are based on objective measures of the activity of the police
vehicle and officer that is less reliant on officer reporting than CAD-derived police response
measures.
9.2 Fatal and Non-fatal Shooting Data - Incident-level Limitations
There are several incident-level factors that are not included in the analysis due to data
limitations and the aggregation of incidents to street segments/operationalization of shootings as
characteristics of micro-places. Previous work has found that incident-level variables have been
strongly associated with the fatality likelihood of gunshot wounds and could be thus, influence
the patterning of fatal and non-fatal shootings. For example, the older gunshot wound victims
are, the more likely they will die of their wounds, controlling for all other incident-level
characteristics (Braga & Cook, 2018; Grommon & Rydberg, 2015; Libby & Wright, 2009;
Weaver et al., 2004). In addition, as noted by Circo & Wheeler (2020), if the gunshot wound was
sustained outside versus inside, the distance of the shooter and their victim is likely greater,
leading to less severe wounds and thus, a greater likelihood of a non-fatal shooting.
There are also examples of previous examinations focused on examining the correlates to
gunshot wound mortality that had access to EMS data. For example, this dissertation does not
include measures representing wound location or severity of the wound that had been included in
previous examinations of the relationship between trauma care proximity and gunshot wound
fatality. Most important is a measure of wound severity which is often the most salient predictor
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of gunshot wound fatality (Crandall et al., 2013; Hatten & Wolff, 2020). Due to the lack of
access to EMS data, this dissertation additionally does not include measures available to previous
examinations (Crandall et al., 2013) often taken as an initial assessment of the patient upon the
arrival of EMS care, including pre-existing patient co-morbidities or patient blood pressure
among other salient physical characteristics related to gunshot wound mortality. EMS assessed
severity is also much more robust representation of the severity of the wound sustained rather
than general categories of wound location that had been previously used (Hatten & Wolff, 2020).
However, as this is a place-based examination where shootings are aggregated to street
segments, this dissertation proposes that the severity of injuries will be normalized over time
through spatial and temporal aggregation. Put more simply, that micro-places will, over time,
like approximate a normal distribution of wound severity.
9.3 Lack of additional CPT-related measures
A final limitation of the current dissertation stems from the lack of additional salient crime
pattern theory-informed measures. In terms of broader categories, this dissertation lacks several
measures capturing crime generators and crime attractors that are key constructs within crime
pattern theory (Brantingham & Brantingham, 1995). For example, Bernasco & Block (2011)
found relationships between check cashing sites and alcohol outlets and robbery counts that may
also influence the occurrence of gun violence. Similarly, Connealy (2019) found relationships
between restaurants and small grocery stores and the level of assault activity across three cities.
There is a growing research body that can confirm the influence of both crime generators and
attractors in the development of crime hot spots but the inclusion of all such facilities in the
analysis was not possible due to data limitations.
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Further, Jones & Pridemore (2019) report that models predicting micro-level counts of
violent crime perform better when including measures from both social disorganization and
crime pattern theory. However, capturing the entire scope of CGA’s was outside the main thrust
of this dissertation. Specifically, although crime generators and attractors influence the
generation or production of crime hot spots, this dissertation is focused on post-incident microlevel characteristics of street segments that make up the response to incidents of gun violence.
While this dissertation can make claims as to the impact of the outlay of the street network and
accessibility of the street segment has on the generation of fatal shootings, it is not oriented
towards how the characteristics or type of facilities at micro-places may impact gunshot wound
mortality. Largely, this is because there is no existing research that can inform how the
characteristics of facilities impact the post-incident operations relating to the response to gun
violence. For example, if the shooting occurs indoors, is the access to the scene and related
transported time influenced by having to navigate an unfamiliar and perhaps maze-like building.
There is also an opportunity for future research to include additional detailed information on the
shooting location and incident-level characteristics that have been previously found to be related
to gunshot wound mortality likelihoods.
9.4 Chapter Summary
There were several limitations outlined in this chapter, but this dissertation developed strategies
to overcome them. Specifically, police response was measured in two different ways and the
similarity in terms of descriptive statistics suggests construct validity. While regression estimates
were ultimately different in the main model, the role of police response seems to have a less
durable relationship to shootings than proximity to trauma care within the empirical literature at
large. The lack of incident-level data is also acknowledged but given the unit of analysis and the
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place-based focus of the regression examination, any victim-level characteristics would have
been aggregated to the street segment to be included and would have been solely control
measures. Future studies may employ additional levels within a multi-level modelling framework
to fully examine the role that victim-, street-, and neighborhood-level constructs play in
determining shooting outcomes at micro-units. Finally, there were several crime pattern theoryinformed constructs along with other known street segment-level characteristics to capture the
best picture of the environmental backcloth for street segments. The risk associated with any
missing crime pattern theory-informed measures may have been accounted for at least in some
way by the inclusion of these other prominent types of risky facilities that were included in the
analysis.
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Chapter 10: Continued Research
10.1 Assessing Proximity to Trauma Care and Police Response Across Unit of Analysis and
Contexts
Proximity to trauma care has a consistent association to gunshot wound mortality as well as fatal
and non-fatal shooting trends at micro-places. However, this relationship should continue to be
generalized to new geographies and capture a greater scope of commuter cities, rural areas, and
dense urban areas to confirm the importance of the proper spatial allocation of these resources in
addressing gun violence. Victim-level analyses show that the longer it takes for individuals to get
to trauma care facilities, the less likely they are to live (Crandall et al., 2013; Crandall et al.,
2016; Hatten & Wolff, 2020), but the observed relationship changes at higher geographic
aggregations. This dissertation and Circo (2019) found that greater proximity to trauma care
increased the count of non-fatal shootings, suggesting a similar process occurring that is reducing
social harm in communities, though this observed relationship has not been observed in any
systematic manner. This dissertation also finds that as estimated police response time increases,
non-fatal shootings decrease, suggestive of the creation of “trauma oases” (Circo 2019) via the
allocation of police resources as well. Geographies also vary in the permeance and historical
trends of gun violence which may have influenced their allocation of resources, but little is
known in terms of the relationship between social disadvantage and the allocation of resources in
terms of public resources related to gun violence yet providing another fruitful area of research.
10.2 Mediation and Moderation – Proximity to Public Resource Variables and Social
Disorganization
The proximity to trauma care effect was rendered insignificant when first responder proximity
measures were included in Hatten & Wolff (2020), suggesting that this relationship may be
mediated by first responder response time. Similarly, in this study the inclusion of social
disorganization-informed neighborhood characteristics negated the significance of police
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response time in the main models (See Section 7.5), suggestive of a mediating relationship.
Research employing structural equation models would be able to test these relationships with the
formation of longitudinal models that take advantage of the temporal ordering of events. For
example, in the former case police response time pre-dates proximity to trauma care as the longer
it takes for police to secure the scene, the longer it takes for victims to be transported to trauma
care facilities -before travel to the facilities even begins. In the latter, a longitudinal dataset with
measures of concentrated disadvantage and collective efficacy over time may help to understand
the allocation of resources over time and how public officials have responded to community
needs and contributed to current gun violence trends. Longitudinal datasets would also allow for
the inclusion of 3-level regression models that allow for keeping the multi-level structure while
accounting for time.
10.3 Availability of EMT and Provider-derived Mortality Data
There is a significant lack of collaboration in terms of data sharing between public health and
police practitioners leading to a dearth of data providing all pertinent the situational- and victimlevel characteristics of gun violence incidents. Greater collaboration of these two institutions
would provide a more comprehensive picture of the geographic and micro-level characteristics
that influence gunshot wound mortality and thus, the spatial patterning of fatal and non-fatal
shootings.
The inclusion of EMT-derived victim characteristics and travel times as in Crandall et al.
(2013) along with police-derived response time would provide the most valid and comprehensive
understanding of the operational response to gun violence incidents and the role this response
plays in influencing the spatial patterning of fatal and non-fatal shootings. If municipalities were
able to collaborate on this effort and change institutional policy to allow for the “scoop and run”
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of gunshot wound victims by police like in Band et al. (2014), researchers could provide a
clearer picture as to how both allocate resources, but also which policies could be employed to
reduce the social harm associated with gun violence.
10.4 Chapter Summary
There are three main research veins that are outside the scope of the current dissertation but
potentially fruitful avenues for important contributions to the study of gun violence. First, further
generalizing the observed relationship between proximity to trauma care and police response to
other geographic areas, but also across units of analysis. The implications change from one unit
to another, but these associations tend to hold across geographies, finding further evidence for
ways that public officials can address potential spatial health and justice inequalities in space
through a more equitable allocation of public resources related to gun violence. Second, given
the changing in significance across direct effect and indirect effect models, a mediation analysis
would further clarify the relationship between census tract- and street segment-level variation in
fatal and non-fatal shootings. Finally, more widespread collaboration between criminal justice
and public health authorities in the form of greater data sharing would greatly improve the
quality of data related to gun violence and provide public officials with more nuanced and
comprehensive understanding of the social dynamics that are contributing to gun violence trends.
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Chapter 11: Appendices
Appendix A: Lorenz Curves – Main Results
Figures A1 through A24 are the plotted Lorenz Curves referred to in Section 5.1. They are
labeled based on the shooting type and year. Each Lorenz Curve generated from the main
analysis was also paired with a re-scaled Lorenz Curve. The re-scaled Lorenz Curve stretches the
graph to show the plotted distribution in instances where the data are very sparse and the line
representing the plotted distribution is nearly vertical (as was the case in this analysis). The plot
in the re-scaled version displays the line of maximal equality moved to the end of the x-axis and
the graph is then stretched to fit it, accordingly. The original Lorenz Curve shows both the line of
perfect equality and maximal equality simultaneously as is shown below.
Figure A1: Lorenz Curve – Fatal Shootings - 2015
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Figure A2: Lorenz Curve – Fatal Shootings – 2015 – Re-scaled

Figure A3: Lorenz Curve – Fatal Shootings - 2016
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Figure A4: Lorenz Curve – Fatal Shootings – 2016 – Re-scaled

Figure A5: Lorenz Curve – Fatal Shootings - 2017
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Figure A6: Lorenz Curve – Fatal Shootings – 2017 – Re-scaled

Figure A7: Lorenz Curve – Fatal Shootings - 2018

172

Figure A8: Lorenz Curve – Fatal Shootings – 2018 – Re-scaled

Figure A9: Lorenz Curve – Fatal Shootings - 2019
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Figure A10: Lorenz Curve – Fatal Shootings – 2019 – Re-scaled

Figure A11: Lorenz Curve – Fatal Shootings – All Years
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Figure A12: Lorenz Curve – Fatal Shootings – All Years – Re-scaled

Figure A13: Lorenz Curve – Non-fatal Shootings - 2015
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Figure A14: Lorenz Curve – Non-fatal Shootings – 2015 – Re-scaled

Figure A15: Lorenz Curve – Non-fatal Shootings - 2016
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Figure A16: Lorenz Curve – Non-fatal Shootings – 2016 – Re-scaled

Figure A17: Lorenz Curve – Non-fatal Shootings - 2017

177

Figure A18: Lorenz Curve – Non-fatal Shootings – 2017 – Re-scaled

Figure A19: Lorenz Curve – Non-fatal Shootings - 2018

178

Figure A20: Lorenz Curve – Non-fatal Shootings – 2018 – Re-scaled

Figure A21: Lorenz Curve – Non-fatal Shootings - 2019
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Figure A22: Lorenz Curve – Non-fatal Shootings – 2019 – Re-scaled

Figure A23: Lorenz Curve – Non-fatal Shootings – All Years
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Figure A24: Lorenz Curve – Non-fatal Shootings – All Years – Re-scaled
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Appendix B: Lorenz Curves - Sensitivity Analyses - Results
This section contains the plotted Lorenz Curves generated from the Sensitivity Analyses
including in Section 5.1 pertaining to research question one. To re-iterate, the first plot displays
the Lorenz curve generated when the units are constrained to street segments that experienced at
least one crime of any type during the study period. The second plot displays the Lorenz curve
generated when the units are constrained to street segments that experienced at least one firearmrelated crime during the study period.
Figure B1: Lorenz Curve – Fatal Shootings – 2015 (>0 Crime During Study Period)
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Figure B2: Lorenz Curve – Fatal Shootings – 2015 – (>0 Gun Crime) Crime During Study
Period

Figure B3: Lorenz Curve – Fatal Shootings – 2016 (> 0 Crime During Study Period)
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Figure B4: Lorenz Curve – Fatal Shootings – 2016 – (>0 Gun Crime) Crime During Study
Period

Figure B5: Lorenz Curve – Fatal Shootings – 2017 (>0 Crime During Study Period)
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Figure B6: Lorenz Curve – Fatal Shootings – 2017 – (>0 Gun Crime) Crime During Study
Period

Figure B7: Lorenz Curve – Fatal Shootings – 2018 (>0 Crime During Study Period)
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Figure B8: Lorenz Curve – Fatal Shootings – 2018 – (>0 Gun Crime) Crime During Study
Period

Figure B9: Lorenz Curve – Fatal Shootings – 2019 (> 0 Crime During Study Period)
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Figure B10: Lorenz Curve – Fatal Shootings – 2019 – (>0 Gun Crime) Crime During Study
Period

Figure B11: Lorenz Curve – Non-fatal Shootings – 2015 (> 0 Crime During Study Period)
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Figure B12: Lorenz Curve – Non-fatal Shootings – 2015 – (>0 Gun Crime) Crime During
Study Period

Figure B13: Lorenz Curve – Non-fatal Shootings – 2016 (>0 Crime During Study Period)
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Figure B14: Lorenz Curve – Non-fatal Shootings – 2016 – (>0 Gun Crime) Crime During
Study Period

Figure B15: Lorenz Curve – Non-fatal Shootings – 2017 (>0 Crime During Study Period)
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Figure B16: Lorenz Curve – Non-fatal Shootings – 2017 – (>0 Gun Crime) Crime During
Study Period

Figure B17: Lorenz Curve – Non-fatal Shootings – 2018 (> 0 Crime During Study Period)
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Figure B18: Lorenz Curve – Non-fatal Shootings – 2018 – (>0 Gun Crime) Crime During
Study Period

Figure B19: Lorenz Curve – Non-fatal Shootings – 2019 (>0 Crime During Study Period)
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Figure B20: Lorenz Curve – Non-fatal Shootings – 2019 – (>0 Gun Crime) Crime During
Study Period
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Appendix C: Standard Gini Coefficients - Sensitivity Analyses – Results
This section contains a table reporting the Gini coefficient estimates from the Sensitivity
Analyses including in Section 5.1 pertaining to research question one. To re-iterate, in Sensitivity
Analysis #1 the units are constrained to street segments that experienced at least one crime of
any type during the study period. In Sensitivity Analysis #2, the units are constrained to street
segments that experienced at least one firearm-related crime during the study period.
Table C1. Standard Gini Coefficient – Sensitivity Results
Year
2015
2016
2017
2018
2019
5 Year

F
0.996
0.995
0.995
0.995
0.994
0.978

Sensitivity -1
NF
0.989
0.987
0.984
0.987
0.986
0.952

All
0.987
0.983
0.94
0.983
0.981
0.94

F
0.988
0.984
0.983
0.983
0.98
0.926

Sensitivity - 2
NF
0.962
0.956
0.946
0.956
0.951
0.834

All
0.955
0.944
0.934
0.941
0.936
0.795

Table C2. Generalized Gini Coefficient – Sensitivity Results
Year
2015
2016
2017
2018
2019
5 Year

F
0.047
0.019
0.034
0.049
0.000
0.137

Sensitivity -1
NF
0.370
0.358
0.268
0.327
0.302
0.511

All
0.517
0.338
0.28
0.304
0.29
0.517

F
0.047
0.019
0.034
0.049
0.000
0.137
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Sensitivity - 2
NF
All
0.370
0.517
0.358
0.338
0.268
0.28
0.327
0.304
0.302
0.29
0.511
0.517

Appendix D: MLM Results – Defining Social Disadvantage – Sensitivity Analyses
This section contains the sensitivity analyses to confirm how robust the measure of concentrated
disadvantage included in the main regression model (Model 4). The following tables report the
results from Model 4 with measures of “resource deprivation” as defined by Land (1990) and
concentrated disadvantage as defined by Krivo & Peterson (2009), for both fatal and non-fatal
shooting outcome variables.
Table D1: Full Model (Level 1 & 2) Results - Land (1990)
DV – Fatal Shootings (5-Year)

Model 4

Street Segment Characteristics
Parks
Schools
Bus Stops
Vacant
Collective Efficacy
Lighting Condition
Non-Local Road
Min. Time to Trauma (min)
Min. Time to Police Response
(min)
Neighborhood Characteristics
Concentrated Disadvantage
Residential Instability
Ethnic Heterogeneity
Control Measures
Non-fatal Shootings (5-Year)
Bi-Directional Road
Street Length (ft.)
NF Spatial Lag (Census)
Fatal Spatial Lag (Census)
NF Spatial Lag (Street)
Fatal - Spatial Lag (Street)
Constant

IRR
1.28
0.93
1.24
1.20
1.10
0.92
0.48
0.94

Std. Err.
0.14
0.21
0.16
0.13
0.02
0.09
0.12
0.02

Z
2.26
-0.30
1.61
1.72
6.39
-0.88
-2.96
-3.24

P<
0.02
0.77
0.11
0.09
0.00
0.38
0.00
0.00

95% C.I.
1.03 - 1.59
0.60 - 1.46
0.95 - 1.60
0.98 - 1.47
1.07 - 1.14
0.76 - 1.11
0.29 - 0.78
0.91 - 0.98

0.97

0.02

-1.11

0.27

0.93 - 1.02

1.85
1.02
1.02

0.18
0.12
0.06

6.20
0.18
0.33

0.00
0.85
0.74

1.52 - 2.25
0.82 - 1.28
0.91 - 1.14

1.35
0.89
1.00
1.03
1.07
0.99
1.18
0.24
n

0.05
0.14
0.00
0.07
0.07
0.01
0.01
0.10
33,821

7.84
-0.75
5.80
0.40
1.00
-1.22
19.41
-3.43

0.00
0.45
0.00
0.69
0.32
0.22
0.00
0.00
LL

1.25 - 1.45
0.66 - 1.21
1.00 – 1.00
0.90 - 1.17
0.94 - 1.22
0.96 - 1.01
1.16 - 1.20
0.11 - 0.55
-2271.5397
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Table D2: Full Model (Level 1 & 2) Results – Land (1990)
Model 4
DV – Non-fatal Shootings (5-Year)
Street Segment Characteristics
IRR Std. Err.
Z
P<
95% C.I.
Parks
0.92
0.06
-1.27
0.21
0.81 - 1.05
Schools
1.17
0.13
1.37
0.17
0.94 - 1.46
Bus Stops
2.00
0.13
10.27
0.00
1.75 - 2.28
Vacant
1.20
0.07
2.99
0.00
1.06 - 1.35
Collective Efficacy
1.08
0.01
8.25
0.00
1.06 - 1.10
Lighting Condition
1.03
0.05
0.59
0.56
0.93 - 1.14
Non-Local Road
0.41
0.06
-5.66
0.00
0.30 - 0.56
Min. Time to Trauma (min)
0.95
0.01
-4.34
0.00
0.93 - 0.97
Min. Time to Police Response
0.91
0.01
-5.94
0.00
0.89 - 0.94
(min)
Neighborhood Characteristics
Concentrated Disadvantage
1.88
0.11
10.56
0.00
1.67 - 2.11
Residential Instability
0.93
0.06
-1.08
0.28
0.81 - 1.06
Ethnic Heterogeneity
1.11
0.03
3.31
0.00
1.04 - 1.18
Control Measures
Fatal Shootings (5-Year)
2.10
0.15
10.59
0.00
1.83 - 2.41
Bi-Directional Road
1.00
0.08
-0.01
0.99
0.85 - 1.17
Street Length (ft.)
1.00
0.00
7.65
0.00 1.00 – 1.00
NF Spatial Lag (Census)
1.13
0.04
3.18
0.00
1.05 - 1.22
Fatal Spatial Lag (Census)
0.98
0.04
-0.43
0.67
0.92 - 1.06
NF Spatial Lag (Street)
1.10
0.00
29.35
0.00
1.09 - 1.10
Fatal - Spatial Lag (Street)
0.98
0.01
-2.42
0.02 0.96 – 1.00
0.08 - 0.15
Constant
0.11
0.02
-13.68 0.00
-6050.5244
n
33,821
LL
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Table D3: Full Model (Level 1 & 2) Results - Krivo & Peterson (2009)
DV – Fatal Shootings (5-Year)

Model 4

Street Segment
Characteristics
Parks
Schools
Bus Stops
Vacant
Collective Efficacy
Lighting Condition
Non-Local Road
Min. Time to Trauma (min)
Min. Time to Police Response
(min)
Neighborhood Characteristics
Concentrated Disadvantage
Residential Instability
Ethnic Heterogeneity
Control Measures
Non-fatal Shootings (5-Year)
Bi-Directional Road
Street Length (ft.)
NF Spatial Lag (Census)
Fatal Spatial Lag (Census)
NF Spatial Lag (Street)
Fatal - Spatial Lag (Street)
Constant

IRR

Std. Err.

Z

P<

95% C.I.

1.28
0.94
1.23
1.20
1.10
0.92
0.48
0.94

0.14
0.21
0.16
0.13
0.02
0.09
0.12
0.02

2.23
-0.27
1.58
1.76
6.43
-0.88
-2.96
-3.31

0.03
0.78
0.12
0.08
0.00
0.38
0.00
0.00

1.03 - 1.58
0.6 - 1.47
0.95 - 1.59
0.98 - 1.47
1.07 - 1.14
0.76 - 1.11
0.29 - 0.78
0.91 - 0.98

0.97

0.02

-1.44

0.15

0.92 - 1.01

1.78
1.05
0.96

0.18
0.12
0.06

5.85
0.45
-0.63

0.00
0.65
0.53

1.47 - 2.17
0.84 - 1.31
0.86 - 1.08

1.34
0.89
1.00
1.04
1.07
0.99
1.18
0.28
n

0.05
0.14
0.00
0.07
0.07
0.01
0.01
0.12
33,821

7.82
-0.78
5.76
0.52
1.03
-1.19
19.51
-3.10

0.00
0.44
0.00
0.60
0.31
0.23
0.00
0.00
LL

1.25 - 1.45
0.66 - 1.2
1-1
0.91 - 1.19
0.94 - 1.22
0.96 - 1.01
1.16 - 1.2
0.13 - 0.63
-2273.5954
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Table D4: Full Model (Level 1 & 2) Results – Krivo & Peterson (2009)
Model 4
DV – Non-fatal Shootings (5-Year)
Std.
Street Segment Characteristics IRR
Z
P<
95% C.I.
Err.
Parks
0.91
0.06
-1.37 0.17 0.80 - 1.04
Schools
1.18
0.13
1.42
0.16 0.94 - 1.47
Bus Stops
1.99
0.13
10.16 0.00 1.74 - 2.27
Vacant
1.20
0.07
3.05
0.00 1.07 - 1.35
Collective Efficacy
1.08
0.01
8.29
0.00 1.06 - 1.10
Lighting Condition
1.03
0.05
0.59
0.56 0.93 - 1.14
Non-Local Road
0.41
0.06
-5.66 0.00 0.30 - 0.56
Min. Time to Trauma (min)
0.95
0.01
-4.42 0.00 0.93 - 0.97
Min. Time to Police Response
0.91
0.01
-6.52 0.00 0.88 - 0.93
(min)
Neighborhood Characteristics
Concentrated Disadvantage
1.81
0.11
9.87
0.00 1.61 - 2.03
Residential Instability
0.95
0.07
-0.67 0.50 0.83 - 1.09
Ethnic Heterogeneity
1.05
0.03
1.50
0.13 0.99 - 1.12
Control Measures
Fatal Shootings (5-Year)
2.10
0.15
10.55 0.00 1.83 - 2.40
Bi-Directional Road
0.99
0.08
-0.08 0.93 0.85 - 1.17
Street Length (ft.)
1.00
0.00
7.54
0.00 1.00 – 1.00
NF Spatial Lag (Census)
1.14
0.05
3.21
0.00 1.05 - 1.23
Fatal Spatial Lag (Census)
0.99
0.04
-0.29 0.77 0.92 - 1.06
NF Spatial Lag (Street)
1.10
0.00
29.30 0.00 1.09 - 1.10
Fatal - Spatial Lag (Street)
0.98
0.01
-2.41 0.02 0.96 – 1.00
Constant
0.13
0.02
-12.77 0.00 0.10 - 0.18
n
33,821
LL -6057.7457
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Appendix E: MLM Results – Proximity to Trauma Care and Police Response as Distance –
Sensitivity Analyses
This section contains the sensitivity analyses to confirm how robust the measures of proximity to
trauma care and proximity to police patrol stations. As such they are defined in terms of distance
rather than estimated travel time for both fatal and non-fatal shooting outcome variables.
Table E1: Full Model (Level 1 & 2) Results – Proximity as Distance (ft)
Model 4
DV – Fatal Shootings (5-Year)
Street Segment
IRR
Std. Err.
Z
P<
95% C.I.
Characteristics
Parks
1.28
0.14
2.23
0.03
1.03 - 1.58
Schools
0.93
0.21
-0.32 0.75
0.59 - 1.45
Bus Stops
1.26
0.17
1.78
0.08
0.98 - 1.63
Vacant
1.21
0.13
1.83
0.07
0.99 - 1.49
Collective Efficacy
1.10
0.02
6.32
0.00
1.07 - 1.14
Lighting Condition
0.92
0.09
-0.88 0.38
0.76 - 1.11
Non-Local Road
0.51
0.13
-2.71 0.01
0.31 - 0.83
Min. Distance to Trauma (ft)
0.93
0.02
-2.91 0.00
0.88 - 0.98
Min. Distance to Police
Response (ft)
0.94
0.04
-1.42 0.16
0.87 - 1.02
Neighborhood Characteristics
Concentrated Disadvantage
1.85
0.23
5.01
0.00
1.45 - 2.35
Residential Instability
0.97
0.12
-0.28 0.78
0.76 - 1.22
Ethnic Heterogeneity
0.96
0.06
-0.61 0.54
0.86 - 1.08
Control Measures
Non-fatal Shootings (5-Year)
1.35
0.05
7.82
0.00
1.25 - 1.45
Bi-Directional Road
0.88
0.14
-0.86 0.39
0.65 - 1.18
Street Length (ft.)
1.00
0.00
5.80
0.00
1.00 – 1.00
NF Spatial Lag (Census)
1.07
0.07
0.91
0.36
0.93 - 1.22
Fatal Spatial Lag (Census)
1.08
0.07
1.14
0.25
0.94 - 1.24
NF Spatial Lag (Street)
0.99
0.01
-1.20 0.23
0.96 - 1.01
Fatal - Spatial Lag (Street)
1.18
0.01
19.53 0.00
1.16 - 1.20
0.10 - 0.47
Constant
0.22
0.09
-3.87 0.00
-2277.9509
n
33,821
LL
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Table E2: Full Model (Level 1 & 2) Results – Proximity as Distance (ft)
Model 4
DV – Non-fatal Shootings (5-Year)
Street Segment Characteristics
IRR
Std. Err.
Z
P<
95% C.I.
Parks
0.91
0.06
-1.37 0.17
0.80 - 1.04
Schools
1.17
0.13
1.40
0.16
0.94 - 1.46
Bus Stops
2.07
0.14
10.85 0.00
1.82 - 2.36
Vacant
1.21
0.07
3.11
0.00
1.07 - 1.36
Collective Efficacy
1.08
0.01
8.10
0.00
1.06 - 1.10
Lighting Condition
1.03
0.05
0.55
0.58
0.93 - 1.14
Non-Local Road
0.45
0.07
-5.12 0.00
0.33 - 0.61
Min. Distance to Trauma (ft)
0.95
0.02
-3.00 0.00
0.92 - 0.98
Min. Distance to Police
Response (ft)
0.85
0.02
-6.31 0.00
0.81 - 0.89
Neighborhood Characteristics
Concentrated Disadvantage
1.95
0.15
8.94
0.00
1.69 - 2.26
Residential Instability
0.85
0.06
-2.14 0.03
0.74 - 0.99
Ethnic Heterogeneity
1.04
0.03
1.33
0.18
0.98 - 1.11
Control Measures
Fatal Shootings (5-Year)
2.10
0.15
10.59 0.00
1.83 - 2.41
Bi-Directional Road
0.98
0.08
-0.25 0.80
0.83 - 1.15
Street Length (ft.)
1.00
0.00
7.51
0.00
1.00 – 1.00
NF Spatial Lag (Census)
1.17
0.05
3.96
0.00
1.08 - 1.26
Fatal Spatial Lag (Census)
1.00
0.04
-0.13 0.90
0.92 - 1.07
NF Spatial Lag (Street)
1.10
0.00
29.00 0.00
1.09 - 1.10
Fatal - Spatial Lag (Street)
0.98
0.01
-2.46 0.01
0.96 – 1.00
0.07 - 0.12
Constant
0.09
0.01
17.24 0.00
-6072.7906
n
33,821
LL
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